
1 

 

 

 

Muscular stabilisation of the knee and development of 

automated and tuned subject-specific musculoskeletal 

models for gait simulations 

 

 

Bryce Adrian Killen 

BExSc (Hons) 

 

 

 

 

School of Allied Health Sciences, Griffith Health 

Menzies Health Institute Queensland, Griffith University 

 

 

 

Submitted in fulfilment of the requirements of the degree of Doctor of Philosophy 

February 2019   



2 

 

  



3 

 

Abstract  

Computational models of the human musculoskeletal system allow researchers to 

investigate human biomechanics without the need for invasive methods or expensive 

experiments. These models can be combined with standard motion capture technology 

to simulate individual’s movement patterns. With relatively little data processing, the 

model’s joint kinematics can be calculated along with joint kinetics, thus characterising 

an individual’s generalised joint coordinates (i.e., joint motion) and external joint loads. 

Without and with the incorporation of electromyograms (EMG) acquired during these 

tasks, further methods can be employed to estimate muscle forces and subsequently 

joint contact loading (Lloyd and Besier, 2003; Pandy and Andriacchi, 2010; Pizzolato et 

al., 2015; Sartori et al., 2012a; Sasaki and Neptune, 2010; Saxby et al., 2016b; Sritharan 

et al., 2012; Winby et al., 2009). Indeed, substantial research has focused on developing 

methods for estimating the magnitude of the joint contact loading within the 

tibiofemoral joint (TFJ) during a range of locomotion tasks (Fregly et al., 2012; Gerus 

et al., 2013; Kim et al., 2009). Understanding typical TFJ contact loading is crucial, as 

the magnitude of joint contact loading has been associated with the development and 

progression of TFJ osteoarthritis (Andriacchi and Mundermann, 2006). 

Tibiofemoral joint contact loading is primarily caused by muscles, which act to 

compress the joint (Sasaki, 2010). Although net and grouped muscle contributions to 

TFJ contact loading has previously been investigated during walking gait (Pandy and 

Andriacchi, 2010; Sasaki and Neptune, 2010; Saxby et al., 2016b; Sritharan et al., 2012; 

Winby et al., 2009), other locomotion tasks such as running and sidestep cutting, herein 

referred to as sidestepping remain largely unexplored. Along with the loading 

magnitude, other loading parameters may play a vital role influencing joint health, such 

as the region of loading in combination with the distribution of loading (Chaudhari et 

al., 2008) 

Models previously used to estimate the magnitude of joint contact loading have 

typically been linearly scaled versions of a generic musculoskeletal model, e.g., 

“gait2392” (Delp et al., 2007) or TLEM 2.0 (Carbone et al., 2015). These models use 

generic bone geometries which may not reflect each individual’s anatomy, even after 

linear scaling (Kainz et al., 2017a). As such, these models may be inappropriate tools to 

accurately estimate TFJ contact loading magnitudes, as bone geometry influence muscle 
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tendon unit (MTU) force estimates and contact mechanics (Demers et al., 2014; Gerus 

et al., 2013; Lerner et al., 2015). Furthermore, these models may be inappropriate for 

the estimation of the region of loading within the TFJ, as this feature is highly 

dependent on joint anatomy (Lerner et al., 2015). Additionally, limitations within these 

linear scaled generic models, particularly the TFJ kinematic models, further hamper 

their utility for investigating regional loading within the TFJ (Demers et al., 2014). If 

regional loading is to be investigated, computational models that accurately represent 

subject-specific three-dimensional (3D) bone and joint geometry, 6 degree of freedom 

(DOF) joint kinematics, and feasible MTU pathways, lengths, and moment arms are 

required.  

The overarching aim of this thesis was to investigate features related to TFJ contact 

loading. Specifically, estimate individual muscle contributions to medial and lateral TFJ 

contact loading during walking, running, and sidestepping. Second, develop a 

framework that automatically creates and tunes highly detailed subject-specific 

computational musculoskeletal models that can be used to investigate various feature of 

TFJ loading. 

To investigate individual muscle contributions to TFJ contact loading during various 

dynamic locomotion tasks, 54 healthy individuals were recruited as part of an ongoing 

project. Each participant underwent a standard motion capture gait analysis session, 

wherein whole body and segment motions were captured using 3D motion capture. 

Ground reaction forces were acquired via in-ground force plates and muscle activation 

patterns acquired via surface EMG. Motion capture data were used within the free and 

open-source musculoskeletal modelling platform OpenSim (Delp et al., 2007) to 

estimate model joint kinematics and kinetics. Using established calibrated EMG-

informed neuromusculoskeletal modelling methods (Hoang et al., 2018; Pizzolato et al., 

2015; Saxby et al., 2016b), muscle forces and subsequently muscle contributions to TFJ 

contact loading (Winby et al., 2009) were estimated. Results for walking, running, and 

sidestepping showed during weight acceptance, the vastus medialis and vastus lateralis 

muscles dominated contribution to medial and lateral TFJ contact loading respectively. 

During mid-stance and push-off, the contribution to medial and lateral TFJ contact 

loading was dominated by the medial and lateral gastrocnemii muscles respectively for 

all three tasks. Although there were similarities in which muscles dominated medial and 

lateral TFJ contact loading, differences were shown in the magnitude of relative muscle 

contributions between locomotion tasks. These differences were driven by different 
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kinematic (Novacheck, 1995), kinetic (Novacheck, 1995), muscle activations (Besier et 

al., 2003a), and stabilisation requirements present in each tasks. Specific differences 

were, quadriceps contribution to medial and lateral TFJ contact loading were higher 

during running compared to walking, while gastrocnemii contribution to medial and 

lateral TFJ contact loading were higher during walking compared to running. 

Comparing running and sidestepping, contribution of selected muscles to medial TFJ 

contact loading were higher during sidestepping, while selected muscle contributions to 

lateral TFJ contact loading were higher in running. Muscles which dominate the 

contribution to TFJ contact loading, also provide a majority a TFJ stabilisation during 

these tasks. Results may provide valuable information for rehabilitation following 

orthopaedic surgeries to restore TFJ stability and prevent future injuries. To further 

address the overarching aims of this thesis, highly detailed subject-specific 

musculoskeletal models were required and thus developed. 

Subject-specific musculoskeletal models may contain joints and MTU pathways that are 

both physically and physiologically infeasible. First, the articulating bones of joints may 

interpenetrate, and similarly MTUs can penetrate bone surfaces. Second, joint 

kinematics can have discontinuities and may not follow the patterns of previously 

reported cadaveric studies. Likewise, MTU pathways, if inappropriately defined, can 

create MTU lengths and moment arms (MTU kinematics) that exhibit discontinuities 

and do not follow patterns of previously published cadaveric data. This thesis created 

subject-specific musculoskeletal models that addressed these shortcomings along with 

shortcomings of previous modelling methods. 

To evaluate the framework developed to create detailed subject-specific 

musculoskeletal models, a set of 6 individuals from an on-going study were used. These 

subjects spanned age (21 – 32 years), height (160.5 – 185 cm), and mass (45 – 89 kg) 

ranges, and were composed of three females and three males. Each subject underwent a 

standard gait analysis session as well as a comprehensive magnetic resonance imaging 

(MRI) protocol enabling detailed visualisation of their bones, muscles, cartilages, and 

other articular structures (i.e., ligaments). The framework developed within this thesis 

was built atop a pre-existing open-source framework, the Musculoskeletal Atlas Project 

(MAP) Client (Zhang et al., 2014), written in Python (Python Software Foundation. 

Python Language Reference, version 2.7. Available at http://www.python.org). The 

MAP Client was used in combination with manually segmented MRIs to well 

reconstruct subject-specific bone geometry using direct image segmentation and pre-

http://www.python.org/
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developed MAP Client statistical shape models (SSMs). Bone geometries were then 

used to customise a generic OpenSim model (Delp et al., 2007) with subject-specific 

bone geometries and other personalised features (i.e., joint positions , MTU origin and 

insertions, and MTU via points). This generated model represents the standard model 

produced via the MAP Client pathway; however a number of further developments 

were required. Required improvements ranged from simple inclusions, such as adding 

customised marker sets, patellae, and patellofemoral joints (PFJs). More complex 

additions involved the definition of 6 DOF TFJ and PFJ kinematics, MTU origins, 

insertions and pathways.  

Six DOF (1 independent and 5 coupled) subject-specific TFJ and PFJ mechanisms were 

built from segmented MRIs. These mechanisms were then automatically tuned to be 

physically and physiologically feasible using previously published methods (Brito da 

Luz et al., 2017), which were incorporated into the MAP Client framework.  The MTU 

pathways, i.e., origins, insertions and wrapping surfaces, were defined using the MAP 

Client mean SSMs and subject-specific MAP Client-generated bone reconstructions, 

which were automatically tuned to be physically and physiologically feasible (discussed 

in detail later). 

In the present study, MTU origins and insertions were defined using an atlas-based 

method (Zhang et al., 2015). The MTU origins and insertions were positioned on the 

MAP Client mean SSMs in the same anatomical regions (i.e., node point) as the atlas 

and could be queried using node indices. Node indices were used to define subject-

specific MTU origin and insertions on the subject-specific MAP Client-generated bone 

models. The MTU wrapping surfaces were defined in a two-step process:  (i) placement 

and fitting of wrapping surfaces, and (ii) optimisation of the wrapping surfaces’ 

geometrical dimensions and positions. Initial selection and placement of wrapping 

surfaces was done manually based on anatomical regions and landmarks defined as 

bone mesh elements and nodes indices on the MAP Client mean SSM bones. Following 

this manual identification, using individual’s subject-specific bones, wrapping surfaces 

were automatically positioned using bone elements and nodes identified through the 

MAP Client using custom written Python (Python Software Foundation. Python 

Language Reference, version 2.7. Available at http://www.python.org) software. 

Wrapping surface dimensions were based on analytical shapes automatically fit to 

anatomical regions of subject-specific MAP Client-generated bones using custom 

written Python software.  

http://www.python.org/
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Once wrapping surfaces were placed, their positions, orientations, and dimensions were 

automatically optimised with the aim of producing MTU pathways that were physically 

and physiologically feasible. “Physically feasible” MTU pathways (i) did not penetrate 

bones, and (ii) did not produce non-sensible wrapping scenarios, such as completing a 

circumferential loop of a wrapping cylinder. “Physiological feasible” MTU lengths and 

moment arms (i) closely follow the pattern of measurements taken from cadavers, 

available in literature, and (ii) are free of discontinuities. 

The developed framework created and tuned subject-specific rigid body 

musculoskeletal models that largely produced the desired outcomes while overcoming 

limitations with previous modelling methods. With respect to the definition of 

physically feasible MTU pathways, the inclusion of MTU wrapping surfaces fit to each 

subject’s anatomy largely reduced the number of bone MTU penetrations. However, 

prior to tuning, including MTU wrapping surfaces fit to each subject’s anatomy were 

detrimental to many MTU kinematic metrics (i.e., MTU kinematic smoothness, and 

pattern similarity to literature data). The designed optimisation routine, to tune MTU 

wrapping surfaces provided further improvements to MTU pathways, and more 

importantly improved MTU kinematic smoothness and pattern similarity with literature 

data. Improvements to both MTU pathways and kinematics was present in models 

which contained simplified (MAP Client standard) as well as subject-specific 6 DOF 

TFJ and PFJ kinematic mechanisms. The fact that improvements were shown in both 

models, regardless of the joint model, provided further confidence in the MTU 

wrapping surface optimisation process that was developed. Additionally, the fact that 

improvements were only shown once tuned, provided further evidence that the tuning of 

subject-specific musculoskeletal models is a necessary step in the developed 

framework. 

The optimised subject-specific musculoskeletal models containing simplified joint 

models, compared to subject-specific joint models, performed more consistently and 

often produced favourable MTU kinematics and pathways. Models with simplified joint 

models often exhibited fewer bone MTU penetrations, smoother MTU kinematics, and 

kinematics which more closely matched the pattern of previously reported cadaveric 

data. The less consistent results seen in models with subject-specific joint kinematics 

may be due to greater inter-subject variability within estimated kinematics for both the 

TFJ and PFJ. Further improvements to both the developed MTU wrapping surface 
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optimisation framework and joint kinematic models may produce more consistent 

results for models with subject-specific joint kinematic models. 

Although not implemented within this thesis, the models produced using this proposed 

framework can be used to investigated the regional loading of the TFJ during a range of 

locomotion and other dynamic tasks. The framework presented here represents a large 

advancement of the field of subject-specific computational modelling. Along with 

addressing a number of short comings of previous models, the methods presented in this 

thesis are predominately automated which reduces the time and cost burdens which are 

typically associated with building subject-specific models. These time and cost burdens 

are related to the collection and segmentation of full lower limb MRI.  Additionally, all 

developed methods utilise free and open-source software, facilitating the sharing and 

wider adoption of these subejct specific methods and models. Improvments to these 

developed models and methods facilitate  their use in both academic research as well as 

a number of clinical and medical applications. The highly automated and tuned 

framework reduces both the time and knowledge burden on the user, providing further  

advantages to these methods.  
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General background 

The field of biomechanics has been applied to study human movement (Manal and 

Buchanan, 2002; Winter, 1984), investigate sporting injuries and techniques to enhance 

performance (Bartlett, 2002), determine the effect of load carriage on gait (Lenton et al., 

2018), and explore the effect of various interventions on the human body (Dempsey et 

al., 2009; Fregly et al., 2009). Biomechanics researchers routinely collect movement 

data during dynamic locomotion tasks (e.g., walking and running) using retroreflective 

markers affixed to body segments. These markers can be tracked using motion capture 

(MOCAP) systems such as Vicon (Oxford Metrics, Oxford, United Kingdom), Qualisys 

(Gothenburg, Sweden), and OptiTrack (NaturalPoint Inc, Corvallis, USA). These well-

established methods allow (with relatively little post processing) the determination of 

whole body motion and individual joint angles. Joint kinematics can be combined with 

ground reaction forces acquired from force plat es, to estimate external joint 

moments to indirectly infer the action of muscles in generating joint motion and 

loading. 

Once considered cutting edge, joint kinematic and moment estimations (which we will 

refer to as standard external biomechanics) from experimental MOCAP data is now 

standard practice across many biomechanics research laboratories and selected clinical 

gait laboratories. Standard external biomechanics methods have greatly advanced the 

field of biomechanics by significantly reducing the processing time associated with gait 

analysis data. This enables a greater number of subjects to be studied as well as 

enabling the inclusion of more complex analysis methods. Often these analyses are 

based on the combination of standard external biomechanical data with underlying 

mathematical and physiological models aided by computer simulation and models of the 

neuromusculoskeletal system. The combination of these data and methods broadly fall 

under the discipline of computational neuromusculoskeletal biomechanics. 

Computational neuromusculoskeletal biomechanics is a sub-discipline within 

biomechanics, and is focused on understanding the complex, non-linear, and dynamic 

interaction between neural drive (e.g., muscle activation), joint kinematics, joint 

kinetics, and their effects on musculoskeletal tissues (e.g., bones, articular surfaces, 

and/or ligaments). The applications of this field and its methods range from determining 

which muscles are driving and contributing to dynamic movements (e.g., walking and 

running) (Hamner and Delp, 2013; Hamner et al., 2010; Pandy and Andriacchi, 2010; 
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Sasaki and Neptune, 2010; Shelburne et al., 2006), and how muscle activations are 

altered in different locomotion tasks (Besier et al., 2003a) or in different 

musculoskeletal pathologies (Heiden et al., 2009). More complex applications include 

the estimation of joint contact loading (JCL) (Kim et al., 2009; Saxby et al., 2016a) and 

cartilage stress-strains (Pena et al., 2006; Shim et al., 2015; Yang et al., 2010) during 

locomotion tasks. These interactions are commonly studied, from a whole body 

perspective, through the use of rigid body computational musculoskeletal models. 

While the first models were understandably slowly adopted by researchers, one 

initiative which has made rigid body musculoskeletal modelling more accessible and 

widely used is the OpenSim project (Delp et al., 2007; Delp et al., 1990) originating at 

Stanford University. OpenSim and its multibody dynamics engine, Simbody (Sherman 

et al., 2011) is the most commonly used rigid body modelling platform, used by 

thousands of researchers in different institutions around the world and has logged over 

35000 unique user downloads (Seth et al., 2018). Since the release of OpenSim, other 

software packages have been developed such as AnyBody (AnyBody Technology, 

Aalborg, Denmark)(Damsgaard et al., 2006). 

These musculoskeletal modelling platforms, allow users to not only create rigid body 

models representing either the entire or subsets (e.g., lower-limb) of the musculoskeletal 

system, but also to drive these models using commonly collected external 

biomechanical data. These musculoskeletal models share a common architectural 

framework with a number of different parameters.  

On the simplest level a computational musculoskeletal model consists of rigid bodies, 

which represent an anatomical structures such as the femur and pelvis. Bodies are 

interconnected by joints which are actuated by a number of different muscle tendon 

units (MTUs). Joints range in complexity from a simple one degree of freedom (DOF) 

hinge joint to complex 6 DOF free or custom joints. OpenSim models can be combined 

with MOCAP data to routinely perform inverse kinematics to estimate whole body 

motion and joint angles, inverse dynamics to estimate joint moments, and static 

optimisation or computed muscle control to estimate muscle activations that satisfy the 

joint moments and are dynamically consistent. Along with the stand alone modelling 

platform, a number of open-source generic models can also be downloaded and readily 

used.  

Generic musculoskeletal models within OpenSim (Arnold et al., 2010; Delp et al., 2007; 

Modenese et al., 2011; Rajagopal et al., 2016) and Anybody (Carbone et al., 2015; 
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Damsgaard et al., 2006) are typically created based on anatomical data from a single or 

small numbers of subjects and/or cadaveric data. The limited data set used to generate 

these generic models makes their use and suitability for a large number of individuals 

questionable. This validity is further limited if the individuals’ anthropometry differs 

greatly from the generic model (e.g., children). To partially overcome this limitation, 

generic models are typically linearly scaled to crudely match each subject’s gross 

anthropometry using marker positions acquired from a static MOCAP trial or other 

sources of information on standardised segment dimensions (i.e., anthropometry tables). 

Linearly scaled models have been used extensively within the field of biomechanics to 

investigate a range of research questions. In particular, these models have been used to 

estimate the magnitude of hip (Modenese and Phillips, 2012) and knee  (Andersen, 

2018; Fregly et al., 2012; Gerus et al., 2013; Kim et al., 2009; Lin et al., 2010; Pizzolato 

et al., 2015; Saxby et al., 2016a; Saxby et al., 2016b) JCL during various locomotion 

tasks. With respect to the tibiofemoral (i.e., knee) joint (TFJ), the estimations of JCL 

has allowed for the investigation of the effects of various interventions and 

perturbations on the magnitude of JCL (Fregly et al., 2009; Walter et al., 2010). In 

addition to the effect of external perturbations, research has focussed on determining 

which factors contribute to (Pandy and Andriacchi, 2010; Winby et al., 2009) and can 

potentially modulate (Fregly et al., 2009; Walter et al., 2010) the magnitude of JCL. 

During locomotion, the primary contributor to the magnitude of TFJ contact loading is 

active muscle contraction causing joint compression. Previous research has focussed on 

the contribution of all muscles (Saxby et al., 2016b; Winby et al., 2009) or specific 

muscle groups (Pandy and Andriacchi, 2010; Sasaki, 2010; Sasaki and Neptune, 2010; 

Shelburne et al., 2006) to JCL, with no research investigating individual muscles across 

a range of locomotion tasks. Further, all previous research in this area has utilised 

linearly scaled models. While the linear scaling of these generic models provides a 

quick and easy solution for limited personalisation of these models, the resulting models 

can contain errors in the representation of the anatomy, potentially affecting the results. 

Errors in linear scaled models are related to the fact generic models are built using a 

small dataset, and are typically validated for a specific task. Once scaled, the validity of 

these models is questionable due to the inherently non-linear nature of the human 

musculoskeletal system.  

These generic models are typically validated for a single task, typically walking. 

However, the linear scaled versions of these models are applied to other tasks, such as 
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running and sidestepping potentially calling into question their validity. When generic 

models are linearly scaled, the dimensions of each bone are scaled using up to three 

scale factors, one for each orthogonal dimension (i.e., anterior/posterior, 

superior/inferior, and medial/lateral). This may be effective in creating subject-specific 

bone dimensions. However, the overall shape of these bones remains the same and 

therefore fails to reproduce subject-specific bone shape variation. Linear scaling of bone 

geometries does not guarantee accurate reconstruction of subject-specific anatomy 

(Kainz et al., 2017b; Zhang and Besier, 2017), particularly in individuals with bone 

deformities or malignment. Further, the linear scaled joint positions resulting from this 

process, although internally consistent with the scaled bone geometries, are unlikely to 

match joint positions observed using medical imaging (Bahl et al., 2019). Along with 

bone geometries and joint positions, the position of each MTU path point is also linearly 

scaled. Similar to joint positions, while linear scaled MTU path points may produce 

internally consistent positions, their ability to produce MTU path points which are 

anatomically consistent with subject-specific anatomy is unlikely, and they may, in fact, 

produce non-physiological paths such as those that intersect bones. In addition to the 

limitations associated with linear scaled models, the generic models used within 

OpenSim are typically oversimplified (i.e., neglecting specific joint DOFs). 

To overcome the limitations of linear scaled models, subject-specific features can be 

incorporated into these models. Importantly, the inclusion of subject-specific 

anatomical information such as geometry and alignment have previously been shown to 

improve the accuracy of simulations (Gerus et al., 2013; Lerner et al., 2015). These 

studies report large improvements of ~50% and 7-31% in the estimation of medial and 

lateral TFJ contact force respectively.  Contrarily, one study (Andersen, 2018) has 

shown the inclusion of subject-specific parameters yielded worse estimations compared 

to linear scaled model. However, these reductions were primarily isolated to lateral TFJ 

compartment contact loading with a maximum difference of 0.1 body weights. 

Moreover, differing from Gerus et al. (2013), that used EMG-informed modelling (as 

employed chapter 3 and Killen et al. (2018a)), the Andersen (2018) results may have 

been affected by its use of static optimisation, which has been shown to produce poor 

predictions of lateral compartment TFJ contact forces (Fregly et al., 2012; Winby et al., 

2009). Despite these conflicting results, there remains a premise for subject-specific 

musculoskeletal models, with several studies and research groups working towards this 

goal. These subject-specific models are often applied to subjects with bone deformity of 
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other pathologies, potentially magnifying the effect of subject-specific parameters on 

simulation results. Despite these conflicting results, there remains a premise for subject-

specific musculoskeletal models, with a number of studies and research groups working 

towards this goal. 

Despite this fact, the use of truly subject-specific musculoskeletal models (Modenese et 

al., 2018; Wesseling et al., 2016a; Wesseling et al., 2016b) is limited within the current 

literature, most likely due to the time and costs associated with building these models, 

as well as the specialist knowledge required. To acquire the necessary three-dimensional 

(3D) representations of the relevant musculoskeletal structures a number of different 

and expensive magnetic resonance imaging (MRI) protocols are required. To reduce the 

time and cost burden associated with subject-specific model creation, population 

databases or “big data” in combination with factorisation techniques such as principal 

component (PC) analysis can be used. One initiative which has sought to incorporate 

population data in the building of these subject-specific models is the Musculoskeletal 

Atlas Project (MAP) Client (Zhang et al., 2014). 

The MAP Client supports a population database of segmented X-ray computed 

tomography (CT) scans of the bones of the lower limb (pelvis, femur, patella, tibia, and 

fibula) from the Victorian Institute of Forensic Medicine. This population database was 

used in conjunction with PC analysis techniques to build statistical shape models 

(SSMs) of each of the lower limb bones. Each SSM can be used to rapidly generate 

subject-specific bone anatomies and, subsequently, subject-specific OpenSim models. A 

powerful feature of MAP Client, as well as being completely open-source, is that it does 

not require full medical imaging segmentations of each bone. This reduces both the time 

and costs typically associated with the generation of subject-specific musculoskeletal 

models . The user can define which regions of bone data they are providing and, using a 

range of fitting techniques (e.g., host-mesh fitting, PC fitting, and least squared local 

mesh fitting), the MAP Client will provide the user with a reconstruction of the full 

bone. The bones generated through the MAP Client can then be used to generate a 

subject-specific  OpenSim model containing subject-specific bone geometries, joint 

positions and alignments, scaled mass and inertial properties, and MTU origin, 

insertion, and via points (Zhang et al., 2015). These MAP Client-generated OpenSim 

models, while not fully subject-specific, provides users with a powerful framework for 

writing their own codes and plugins to further personalise these MAP Client-generated 

models. 
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Although a number of features are personalised within the standard MAP Client-

generated OpenSim models, there are a number of limitations. Primarily, these 

limitations are related to the template model used, the generic gait2392 (Delp et al., 

2007) model. These limitations include neglecting the patella and patellofemoral joint 

(PFJ), not using personalised 6 DOF TFJ and PFJ kinematics, neglecting the upper 

limbs, and inappropriately morphed MTU pathways. Although some of these 

modifications (inclusion of upper limbs) are purely visual, others (particularly MTU 

pathways and 6 DOF TFJ and PFJ kinematics) are imperative for accurate simulations 

of human locomotion (Brito da Luz et al., 2017; Marouane et al., 2017; Navacchia et al., 

2017) and other lower limb dominated motor tasks. These personalisation steps should 

be both automated and incorporated in the standard MAP Client framework to facilitate 

the rapid generation of subject-specific models. Additionally, these development steps 

should be tuned to and validated against previous literature data (i.e., measurements 

from individuals or cadavers) where possible.  

Thesis aims 

The overarching aim of this thesis was to investigate previously unexplored factors 

relating to the loading and stabilisation of the TFJ. Additionally, this thesis aimed to 

develop a novel, automated, and customisable framework for the development of 

subject-specific musculoskeletal models. Specific aims of this thesis were to first, 

determine individual muscle contributions to medial and lateral TFJ contact loading 

during walking, running, and sidestepping. Second, define and describe each of the 

parameters of musculoskeletal models which can be personalised including both model 

form (skeletal and segmental anatomy, joint anatomy, etc.) and function (movement and 

external loading, muscle activation patterns, etc.). Third, examine and evaluate 

previously presented methods and frameworks for the personalisation of the above-

mentioned musculoskeletal model parameters.Finally, describe a framework for the 

automated, tuned, and customisable generation of subject-specific rigid body 

musculoskeletal OpenSim models. 

Thesis organisation 

This thesis is comprised of 7 chapters where chapters 3, 5, and 6 are experimental 

chapters addressing each of the above specific aims. 

Chapter 1 provides a general introduction to the topics covered in this thesis. 
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Chapter 2 provides an in depth review of the literature related to muscular contribution 

to TFJ contact loading and stabilisation, the use of computational musculoskeletal 

models, and the current literature relating to subject-specific modelling. 

Chapter 3 describes the methods, results, and discussion sections pertaining to the 

investigation of muscular stabilisation of the medial and lateral compartments of the 

TFJ during walking, running and sidestepping. 

Chapter 4 describes how each feature within OpenSim models can be personalised, the 

effect of personalisation on each of these features along with a brief critique of previous 

literature related to the creation of subject-specific rigid body musculoskeletal OpenSim 

models. Finally a proposed framework for the automated developed of tuned subject-

specific musculoskeletal models will be introduced. 

Chapter 5 describes and implements the proposed framework for the automated 

development of tuned subject-specific musculoskeletal models presented in chapter 4.  

Chapter 6 describes the integration of the resulting models from chapter 5, with 

subject-specific 6 DOF TFJ and PFJ kinematic models described in previous literature. 

Chapter 7 provides a summary of the results from the studies presented in chapters 3, 

5, and 6, and provides future directions and suggestions for the integration and wider 

use of the developed framework. 
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Chapter 2: Literature review 
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The field of biomechanics has benefited from significant advances in computer 

technology. These advances have enabled the automation of various computational 

tasks and rapid processing of experimental data, which together have facilitated the 

implementation of more complex biomechanical methods (e.g., finite element 

modelling and forward-dynamics modelling). Importantly, these advances have ushered 

in the rapid development and use of computational models of the musculoskeletal 

system, which allow researchers to explore features of the musculoskeletal system that 

cannot be measured in-vivo. 

Computational models in biomechanics 

Computational musculoskeletal models can be combined with standard motion capture 

(MOCAP) data (three-dimensional (3D) marker trajectories, ground reaction forces, and 

electromyogram (EMG) data) collected in biomechanics laboratories to simulate gait 

and other dynamic tasks (Besier et al., 2001; Killen et al., 2018a; Konrath et al., 2017; 

Lenton et al., 2018; Saxby et al., 2016a; Saxby et al., 2016b), as well as investigate 

motor control strategies (Besier et al., 2003a; Bryant et al., 2008; Heiden et al., 2009). A 

number of different software packages have been developed which allow researchers to 

combine these computational musculoskeletal models and MOCAP data, including 

SIMM (Delp et al., 1990), AnyBody Modeling System (AnyBody Technology, 

Aalborg, Denmark)(Damsgaard et al., 2006) and, the most widely used, OpenSim (Delp 

et al., 2007). OpenSim is a free and open-source software package that is widely 

supported by many researchers, with approximately 35000 unique downloads, a large 

online community, and active forums (Seth et al., 2018. Each OpenSim software 

download is pre-packaged with several different generic musculoskeletal models 

intended for use by researchers, educators, and hobbyists. 

Generic musculoskeletal models 

A number of the components of generic musculoskeletal models (e.g., muscle tendon 

unit (MTU) lines of action, segmental mass and inertial properties) available in 

OpenSim (Arnold et al., 2010; Delp et al., 2007; Modenese et al., 2011; Rajagopal et al., 

2016) and AnyBody (AnyBody Technology, Aalborg, Denmark)(Damsgaard et al., 

2006) models cannot typically be easily measured in-vivo, and are therefore typically 

derived from cadavers. The first widely used OpenSim model, commonly referred to as 

gait2392 (Delp et al., 2007), is based on the bone geometry from a single elderly male 

subject (180 cm and 75.16 kg) and muscle architecture data from 5 cadaveric 
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specimens. Similarly, the commonly used AnyBody generic model (Carbone et al., 

2015) is based on the combination of MRI and dissection data from a single elderly 

subject (85 years, and 45kg). More recent generic OpenSim models (Arnold et al., 2010; 

Rajagopal et al., 2016) have again derived bone geometry from a single male subject 

(170cm and 75 kg) with muscle architecture derived from a combination of 21 cadavers 

and 24 adult subjects (obtained via medical imaging). The inclusion of data from a 

greater number of subjects may increase a generic model’s representativeness of a 

broader population. However, the methods which are applied to adjust these generic 

models to match individuals potentially diminish their utility. 

Biomechanical studies using generic musculoskeletal models typically use a process 

called “linear scaling” to adjust the generic model to each study participant. Linear 

scaling involves adjusting model body dimensions, mass, and inertial properties, joint 

positions, and MTU path points based on a set of scalar values, called scale factors. 

Scale factors are typically calculated using marker positions (representative of 

anatomical landmarks) acquired from MOCAP and reference markers present in the 

generic OpenSim model. The distance between two markers positioned on the same 

segment (e.g., femur) in both MOCAP data and generic musculoskeletal model are used 

to crudely estimate the length, width, or depth of that body segment. The ratio between 

these two measurements is used to calculate a scale factor, which is applied uniformly 

along each body axis (e.g., anterior/posterior, superior/inferior, and medial/lateral) to 

more closely approximate each subject’s anthropometry. Alternatively, different marker 

pairs can be used to scale specific dimensions of a body, i.e., different scale factors for 

body length, width or depth. Likewise, the average of many marker pairs can be used to 

create a single scale factor. Alternative to, or in combination with, marker-based 

scaling, anthropometric data can be used to estimate segment dimensions and 

subsequently calculate relevant scale factors. The use of these simple linear scaling 

methods is standard across many laboratories, however more complex scaling methods 

have also been developed (Andersen et al., 2010; Lund et al., 2015; Reinbolt et al., 

2005). These methods, instead of using a simple static trial, use optimisation methods 

which alter both segment lengths (Andersen et al., 2010; Lund et al., 2015; Reinbolt et 

al., 2005), joint axes (Lund et al., 2015), and marker positions from either a dedicated 

functional trial (Lund et al., 2015) or a dynamic gait trial (Andersen et al., 2010; 

Reinbolt et al., 2007) to generate scale factors which satisfy the optimisation criteria. 

However, it is unclear why optimising model components based on dynamical motion 
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(of a rigid multi-body system) would better establish segment lengths, joint axes, and 

marker positions compared to static measurement when acquired by a trained human 

operator. 

The linearly scaled models can then be used within the appropriate software 

(Damsgaard et al., 2006; Delp et al., 2007) framework in combination with MOCAP 

data to perform biomechanical analyses including inverse kinematics to estimate joint 

angles, inverse dynamics to estimate joint moments, and static optimisation or 

computed muscle control to estimate muscle activations, and subsequently muscle and 

other musculoskeletal forces. These scaled musculoskeletal models and analyses have 

been used in a wide range of applications related to human movement. 

Use of linearly scaled models 

Linearly scaled models and standard analyses have been applied to study typical and 

pathological gait (Schwartz et al., 2008), sporting performance (Bartlett, 2002), 

rehabilitation and orthopaedic surgery outcomes (Andriacchi et al., 2006; Chaudhari et 

al., 2008; Gardinier et al., 2013; Knoll et al., 2004; Konrath et al., 2017; Saxby et al., 

2016a; Saxby et al., 2016b), and joint disease progression (Levinger et al., 2013; 

Miyazaki et al., 2002). These models allow researchers to estimate parameters which 

cannot be measured in-vivo. A relatively recent focus (~15 years) of the biomechanics 

community is the estimation of joint contact loading (JCL), given its potential 

importance in the development and progression of degenerative joint disease (e.g., 

osteoarthritis) (Andriacchi et al., 2009; Andriacchi and Mundermann, 2006). 

Estimations of femoroacetabular (Hoang et al., 2018; Modenese and Phillips, 2012; 

Wesseling et al., 2016a) and tibiofemoral (Fregly et al., 2012; Kim et al., 2009; Lin et 

al., 2010; Saxby et al., 2016a; Saxby et al., 2016b) JCL magnitude have received 

particular focus in the literature. Two major contributors to the magnitude of JCL within 

the tibiofemoral joint (TFJ) have been identified: external joint moments and muscle-

generated moments. Previous studies have shown muscle-generated moments are the 

dominant contributor to tibiofemoral JCL (Saxby et al., 2016b; Winby et al., 2009). 

Given this dominance, an understanding of these muscle-generated moments is 

imperative when studying the magnitude of JCL and its potential role in disease 

development and progression. 
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Muscle contributions to tibiofemoral joint contact loading 

Muscles contribute to loading of the TFJ in two ways: first by generating movement of 

the body, and second by the direct compression of joint (Sasaki and Neptune, 2010). 

Joint movement contributes to loading by a process called dynamic coupling, which 

refers to each muscle’s contribution to intersegmental loads via the transfer and 

retention of mechanical energy through the musculoskeletal system (Sasaki and 

Neptune, 2010). Muscle contraction not only alters the magnitude of JCL, it also 

generates joint motion and maintains joint stability/congruity. Thus, the muscles acting 

to generate joint motion are simultaneously assisting in joint stabilisation and 

contributing to JCL. 

Several modelling studies have demonstrated that the net (summed total muscles) 

muscle contribution is responsible for greater than half of the JCL experienced by the 

medial and lateral compartments of the TFJ across a range of locomotion tasks 

(walking, running, and sidestep cutting (herein referred to as sidestepping)) in healthy 

adults (Pandy and Andriacchi, 2010; Saxby et al., 2016b; Winby et al., 2009). Net 

muscle contribution to medial compartment tibiofemoral JCL is approximately 48-52% 

during walking and 80-90% during running and sidestepping. The dominant 

contribution of muscles is also evident when considering the lateral compartment, 

where net muscle contribution is 60-90% during these locomotion tasks (Saxby et al., 

2016b; Winby et al., 2009). Although the net muscle contributions reported in previous 

investigations provide valuable insight into the collective action of the knee-spanning 

muscles, it remains unclear how these loads are shared between different muscles and 

muscle groups. 

Specific muscle groups have been identified as the major contributors to loading of the 

TFJ during walking (Sasaki and Neptune, 2010; Shelburne et al., 2005; Sritharan et al., 

2012). Findings from several studies suggest the medial TFJ compartment is loaded 

primarily through combined quadriceps and hamstrings contraction during early stance 

and gastrocnemii contraction during late stance (Sasaki and Neptune, 2010; Shelburne 

et al., 2006; Winby et al., 2009). Muscle contribution to lateral TFJ compartment 

loading is shared between the hamstrings, quadriceps, and gastrocnemii, in addition to a 

significant contribution (25% of the net muscle contribution) from the tensor fasciae 

latae during mid-late stance (Sasaki and Neptune, 2010; Shelburne et al., 2006; Winby 

et al., 2009). Although the muscle groups contributing to TFJ loading during walking 
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are well understood, the role of individual muscles in loading of the medial and lateral 

TFJ compartments remains largely unknown. 

Determining individual muscle contributions to medial and lateral TFJ compartment 

contact loading and stabilisation will provide valuable information for targeted 

rehabilitation programs aimed at improving TFJ stabilisation and function. Furthermore, 

as highlighted in a recent systematic review (Trinler et al., 2018), there is a paucity of 

literature that details the contribution of individual muscle forces to JCL during both 

walking and high intensity tasks such as running and sidestepping. Although muscle 

contribution to tibiofemoral JCL during walking has been previously studied, albeit 

with respect to net and grouped muscles, high intensity sporting manoeuvres such as 

running or sidestepping remain largely unexplored. 

Individual muscle contributions to TFJ loading and stabilisation likely vary with 

differing task demands, task-related stabilisation requirements, joint kinematics, joint 

kinetics (Besier et al., 2001; Novacheck, 1995; Schwartz et al., 2008), and muscle 

activation patterns (Besier et al., 2003a). An understanding of the contribution of 

muscles to both loading and stabilisation will provide valuable information regarding 

which muscles are important for TFJ stabilisation and potentially the prevention of TFJ 

injuries. This information may be of interest for populations with previously reported 

chronic knee instability. For example, patients who have undergone anterior cruciate 

ligament reconstruction who are at high risk of both re-rupture (Ahn et al., 2007), and 

knee instability (Daniel et al., 1994). Along with these literature gaps, previous research 

were conducted with several methodological limitations potentially diminishing the 

validity of previous conclusions. These methodological limitations are now discussed in 

more detail. 

A common methodological limitation of previous studies examining tibiofemoral JCL is 

the use of optimisation-based methods to estimate muscle activation patterns (Pandy 

and Andriacchi, 2010; Sasaki, 2010; Shelburne et al., 2006; Sritharan et al., 2012) and 

solve the general distribution problem (Crowninshield, 1981) of load sharing. The 

general distribution problem refers to the fact that the musculoskeletal system is over 

actuated and therefore underdetermined, i.e., there are more muscles spanning a joint 

than required to produce a specific joint movement or torque. As such, a given joint 

torque can be partitioned into an infinite combination of individual muscle forces and 

torques. When using these optimisation routines, a priori mathematical criteria are 

applied to determine a set of muscle activations that produce a given joint torque while 
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respecting the mathematical criteria (e.g., minimise the sum of squared muscle 

activations). However, optimisation routines would produce identical muscle activation 

patterns when two subjects, or even the same subject, performs an identical task, with 

identical MTU kinematics and external kinetics, despite the fact the muscle activation 

patterns used to perform the task may be different (Besier et al., 2003a; Buchanan and 

Lloyd, 1995; Tax et al., 1990). This is the result of commonly used optimisation 

techniques not containing terms which reflect task-control (e.g.(Buchanan and Lloyd, 

1995; Tax et al., 1990)) (i.e., position vs force control) or natural variation between 

individuals as the results of pathology and training (Lloyd and Buchanan, 2001). 

Additionally, optimisation-based muscle activation estimates are dependent on the 

number of degrees of freedom (DOFs) present in the model (Jinha et al., 2006), and 

often under predict features of experimentally-observed muscle coordination, e.g., load 

sharing (Binding et al., 2000), antagonistic activation (Herzog and Binding, 1992), and 

co-contraction (Herzog and Binding, 1993) particularly in biarticulate muscles. As 

sidestepping and straight-line running elicit high-levels of TFJ muscle co-contraction 

(Besier et al., 2003a), optimisation-based methods may not be well-suited to modelling 

muscle stabilisation of the TFJ during these tasks. Critically, optimisation-based 

methods also predict lateral TFJ compartment unloading (Kim et al., 2009; Lin et al., 

2010) during the stance phase of walking, contrary to direct measurement from 

instrumented implants (Fregly et al., 2012; Pizzolato et al., 2015; Walter et al., 2014) 

To overcome the inherent limitations of these optimisation methods, a few studies 

(Buchanan et al., 2004; Saxby et al., 2016b; Tsai et al., 2012; Winby et al., 2009) have 

used EMG-informed approaches, which incorporate experimentally acquired subject 

and task-specific muscle excitations, to estimate tibiofemoral JCL and subsequently 

muscle stabilisation. Importantly, in general EMG-informed approaches have 

demonstrated accurate predictions of both muscle activation patterns and joint moments 

(Hoang et al., 2019; Hoang et al., 2018; Veerkamp et al., 2019), and tibiofemoral JCL 

magnitude (Gerus et al., 2013; Walter et al., 2014) and hip JCL (Hoang et al., 2019; 

Hoang et al., 2018; Veerkamp et al., 2019) compared to direct measurement via 

instrumented prosthetic data.  Additionally, studies (Hoang et al., 2019; Hoang et al., 

2018; Veerkamp et al., 2019)  have shown, compared to optimisation methods, the 

predicted muscle activation patterns are closer to those observed experimentally, with 

no detriment to joint moment predictions, and predict JCL that are more physiologically 

feasible compared to instrumented implant data (Walter et al., 2014).  
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In addition to the limitations associated with mathematically-based optimisation 

methods, previous studies have consistently utilised linear scaled OpenSim models. 

Though this process is straightforward for model personalisation, practical limitations 

exist that limit the effectiveness of these methods and the validity of the derived models. 

Limitations of linear scaled models 

Linear scaling of musculoskeletal models is highly dependent on both accurate 

placement of skin surface markers and their inherent ability to accurately represent 

underlying anatomical landmarks (Bosmans et al., 2014). Practical limitations reduce 

the accuracy of skin surface marker placement, particularly in regions where anatomical 

landmarks are obscured by large amounts of adipose tissue (e.g., pelvis). Marker 

placement errors can result in overestimations of specific bone dimensions, resulting in 

spuriously large scale factors and, consequently, poorly scaled bone geometries (Figure 

1). Although the limitations of skin surface markers can be reduced by adjusting marker 

positions using medical imaging (e.g., magnetic resonance imaging (MRI) or X-ray 

computer tomography (CT)), or marker pointer systems, the limitations of the 

underpinning linear scaling methods remain. Although specific examples given for the 

limitations of linear scaling are discussed and illustrated in OpenSim, these limitation 

extend to all musculoskeletal models. 

Bone geometries of generic models can be linearly scaled in three dimensions 

(anterior/posterior, superior/inferior, and medial/lateral), however, the scaled bone 

geometries are anisotropic. As a result, linear scaling may reproduce each subject’s 

gross anthropometry (e.g., segment lengths), but is unlikely to reproduce accurate 3D 

bone shapes (Figure 2), particularly in cases of bone deformities such as 

femoracetabular impingement and slipped capital femoral epiphysis. In addition to bone 

shape errors, linear scaling methods cannot accurately reproduce bone alignments, 

especially malalignments such as tibial torsion or femoral anteversion. In addition to 

bone geometry, linear scaling also scales the mass and inertial parameters, joint 

positions, and MTU path points. Importantly, the ability of linear scaling to accurately 

reproduce joint positions (based on medical imaging) is questionable (Bahl et al., 2019; 

Lenaerts et al., 2009). Given the importance of both joint position (Reinbolt et al., 2007) 

and bone alignment (Lerner et al., 2015) to estimations of joint moments, the linear 

scaling process is likely to introduce errors into these estimations. Further to errors in 
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both joint and bone position and alignment introduced via linear scaling, the linear 

scaling of MTU path points introduces errors within the MTU kinematics (lengths and 

moment arms) 

. 
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Figure 1: Scaled pelvis geometry within OpenSim of a partcipant with large amounts of adipose tissue surrounding the pelvis. This 

participant’s pelvis was scaled using both the motion capture markers (blue) and anatomic landmarks identified on medical imaging (grey). 

Illustrating a significant difference in the estimated pelvic dimensions introduced using the two landmark identification methods (motion 

capture markers or medical imaging). Where scaling was carried out using the OpenSim tool, subject height, weight, and BMI were 174 

cm, 110 kg, and 36.4 kg/m2 respectively. 



69 

 

 

Figure 2: Subject-specific bone reconstructions (derived from manual segmentation of medical imaging (cream)) and linearly scaled bone 

geometries (grey) of the pelvis, femur, tibia, and fibula. Illustrating the potential for marker based linear scaling to reproduce overall bone 

dimensions, but their failure to reproduce accurate bone shape and alignment. Where scaling was carried out using the OpenSim tool, 

subject height and weight were  182 cm and 82 kg respectively 

. 
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As with joint positions, linearly scaled MTU path points may be internally consistent 

with respect to the bone geometry, however, the resulting MTU kinematics (i.e., lengths 

and moment arms) often contain discontinuities (Garner and Pandy, 2000; Hammer et 

al., 2019) (Figure 3), which may have a large effect on muscle force and moment 

estimates. This is easily appreciated when considering that when an MTU single line 

segment intersects a via-point the single line, with one gradient, changes into two 

different line segments with two different gradients, and invariably (i.e. mathematically) 

creates a discontinuity. These MTU length discontinuities introduce errors in the 

normalised fibre length as well as the muscle shortening/lengthening velocity, both of 

which are components of typically used muscle models (Epstein and Herzog, 1998; 

Schutte, 1993b; Zajac, 1989). Additionally, the use of fixed MTU via points can 

produce non-physiological MTU shapes at a joint’s end range of motion, which are 

often represented with a 90º turn (Figure 4), a feature not seen in-vivo. Errors in MTU 

pathways and lengths provide further evidence of the shortcomings of the commonly 

used linear scaling method. Although the errors introduced using linear scaling methods 

may appear small when considered in isolation, the summation of the errors relating to 

bone geometry and alignment, joint position and orientation, MTU pathways, and MTU 

lengths will certainly affect final outcome measures. 

To overcome the aforementioned limitations of linear scaled generic models, subject-

specific models based on each subject’s musculoskeletal anatomy derived from medical 

imaging can be created. Subject-specific models have rarely been used in mainstream 

biomechanical research due to time and cost constraints associated with the acquisition 

and segmentation of relevant medical imaging. Additionally, the creation of these 

subject-specific models requires specialist software and knowledge, further limiting 

their adoption. Even with these limitations, previous studies (Brito da Luz et al., 2017; 

Carbone, 2016; Gerus et al., 2013; Kainz et al., 2017a; Lerner et al., 2015; Marra et al., 

2015b; Modenese et al., 2018; Wesseling et al., 2016a) have created subject-specific 

models with varying levels of personalisation, with many studies advocating their use 

(Gerus et al., 2013; Lerner et al., 2015; Wesseling et al., 2016a). Varying levels of 

personalisation have been included in subject-specific models and therefore created 

ambiguity as to what constitutes a subject-specific model. 
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Figure 3: Moment arm discontinuities in the vastus medialis (black), vastus lateralis (red), vastus intermedius (blue), and rectus femoris 

(yellow) muscle tendon units within three different generic models, (A) gait2392 model (Delp et al., 2007), (B) refined full body model 

(Lai et al., 2017) and (C) full body model (Rajagopal et al., 2016). 
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Figure 4: Muscle tendon unit pathways of various muscle tendon units within the gait 2392 model (Delp et al., 2007) at the extremes of the 

(A-C) tibiofemoral and (D-F) femoracetabular joint range of motion illustrating non physiological pathways for the (A) biceps femoris long 

and short head, (B,D) tensor fascia latae , (C) gracilis, and (E,F) gluteus maximus. 
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Subject-specific models 

The term subject-specific has been used increasingly to describe a number of different 

musculoskeletal models, although there is ambiguity regarding the exact definition and 

criteria which must be met for a musculoskeletal model to be considered subject-

specific. With respect to OpenSim models, there are a number of categories and features 

which can be personalised. The following sections briefly detail these categories and 

features while Chapter 4 encompasses a detailed examination of the features which need 

to be personalised within subject-specific musculoskeletal OpenSim models. 

Personalising body segments 

Display geometries as well as mass and inertial properties of OpenSim model body 

segments can each be personalised. Display geometries can be personalised using 

medical imaging segmentation, which can be included either through the OpenSim 

application programming interface (API) via Matlab (Mathworks, Massachusetts, 

USA), Python (Python Software Foundation. Python Language Reference, version 2.7. 

Available at http://www.python.org), or C++ interfaces, or open-source software such 

as NMS Builder (Valente et al., 2017) and the Musculoskeletal Atlas Project (MAP) 

Client (Zhang et al., 2014). Segment mass and inertial properties can be derived through 

estimates of segment volumes (via medical imaging segmentation), density estimates 

(Cheng et al., 2000; Dumas et al., 2005), and established methods (Dumas et al., 2005; 

Pearsall et al., 1994). While these personalisation steps, particularly display geometries, 

may seem trivial, they are essential to maintain model congruity in subsequent 

personalisation steps. The same medical imaging data used to personalise display 

geometries can also be used to personalise joints. 

Personalising joints 

Joint location (Reinbolt et al., 2007), orientation (Lerner et al., 2015), kinematics 

(Navacchia et al., 2017), and geometry (Gerus et al., 2013) have major effects on the 

estimations of a number of gait variables (e.g., joint moments, and joint contact loads) 

and are therefore important for accurate estimates. These joint morphometry details can 

be derived from medical imaging and incorporated using similar methods (i.e., 

OpenSim API, NMS Builder, and the MAP Client) used for personalising bodies. In 

addition to the personalisation of joint morphometry accurate estimates of multi-planar 

joint motion are also required. Within OpenSim, many joints are often simplified for 

http://www.python.org/
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computational ease. Specifically, the TFJ is often represented as a simplified joint with 

one rotational DOF (flexion/extension) with two coupled translational DOFs (typically 

defined using cadaveric data) (Walker et al., 1988)), though the physiological motions 

are multi-planar, consisting of three rotations and three translations. Accurate 

measurements of all the permitted joints’ DOFs and accurate estimations of these joint 

kinematics are required for accurate simulations of movement. 

Typically MOCAP can only measure primary joint kinematics (e.g., TFJ 

flexion/extension) but not small non-sagittal plane motions (Benoit et al., 2006) which 

are commonly referred to as secondary kinematics. Secondary kinematics can be 

measured in cadaveric studies and/or bone pin in vivo research. However, to enable 

secondary kinematics to be inferred and/or estimated in MOCAP studies, joint 

mechanisms have been proposed to model secondary kinematics (Di Gregorio and 

Parenti-Castelli, 2003; Feikes et al., 2003; Ottoboni et al., 2010; Parenti-Castelli and Di 

Gregorio, 2000; Wilson and O'Connor, 1997). There is also growing effort to 

personalise these mechanism based on subject-specific anatomy have typically been 

adopted. With respect to the TFJ, a number of solutions have been proposed, including a 

fixed hinge axis (Kainz et al., 2017a), moving hinge axis (Dzialo et al., 2018) and a 

closed chain joint mechanisms (Brito da Luz et al., 2017; Smale et al., 2019).   

The above mentioned studies have all used rigid body contact models, whereby the 

contact between adjacent cartilage surfaces is assumed to be rigid, an assumption which 

is not true in-vivo. To overcome this limitation, more complex methods such as elastic 

foundation (EF) (Abraham et al., 2013; Anderson et al., 2010b; Guess et al., 2014; 

Haraguchi et al., 2009; Hast and Piazza, 2013; Lenhart et al., 2015; Marra et al., 2017; 

Marra et al., 2015a; Smith et al., 2016b; Thelen et al., 2014), and finite element (FE) 

(Adouni et al., 2012; Anderson et al., 2008; Anderson et al., 2010a; Chen et al., 2001; 

Halonen et al., 2017; Harris et al., 2011; Kiapour et al., 2014; Mootanah et al., 2014; 

Phillips et al., 2006; Qian et al., 2013; Reggiani et al., 2006) contact models can be 

adopted which allow for deformable contact between cartilage surfaces, constrained by 

ligaments. The drawback of these more complex models however, is the high 

computational time and demand. Accurate estimations of 6 DOF kinematics are not 

only important for characterising joint motions, they have significant effect on the 

estimated joint kinetics (Ardestani et al., 2015) and MTU kinematics (lengths and 

moment arms) (Navacchia et al., 2017). 
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Personalising muscle tendon units 

Numerous internal and external MTU parameters are defined in OpenSim models. 

Internal parameters refer to the parameters which govern the force producing capacity 

of each MTU, such as tendon slack length, maximal isometric force, pennation angle, 

and optimal fibre length. These parameters cannot easily be measured in-vivo, and are 

therefore difficult to truly personalise. Internal MTU parameters are therefore often 

calibrated within known physiological bounds (Hoang et al., 2018; Lloyd and Besier, 

2003; Manal and Buchanan, 2013; Pizzolato et al., 2015) or derived from regression 

equations (Handsfield et al., 2014). It is still unclear which calibration methods are best. 

For example, other have attempted to match muscle group strength profiles from 

isometric and isokinetic dynamometry via the optimisation of various internal MTU 

parameters (Carbone, 2016; Heinen et al., 2019), following previous work which were 

calibrated again walking, running, and isokinetic and isometric dynamometry (Garner 

and Pandy, 2003; Hatze, 1981; Lloyd and Besier, 2003; Lloyd and Buchanan, 1996) . 

External MTU features refer to the pathway each MTU follows between its origin and 

insertion points. The intermediate pathway of each MTU can be defined using via 

points, which the MTU passes through, or wrapping surfaces, which MTUs wrap over 

and around. The MTU pathway is a principal determinant of MTU kinematics (length 

and moment arm) throughout joint motion (Sherman et al., 2013). As such, MTU 

pathways have a large effect on estimations of muscle forces, moment arms and 

subsequently joint moments as well as any estimations using these values (e.g., joint 

contact loads (De Pieri et al., 2018)). 

Similar to the internal parameters, external features cannot easily be measured or 

estimated in-vivo as the segmentation of individual muscles often requires specialist and 

costly time-consuming MRI sequences and post processing. Additionally, the position 

of each MTU in a static position (i.e., intermediate pathway) does not remain constant 

across the joint range of motion. Previous research has utilised atlases for defining fixed 

origins and insertions (Modenese et al., 2018; Scheys et al., 2009), but little attention 

has been given to the intermediate pathways in subject-specific models. This omission 

may have a profound effect on downstream modelling estimates. 

Personalisation of MTU internal and external features concludes the list of features 

which can be personalised within OpenSim models.  Previously, no single study has 

considered all these personalised features, instead typically focussing on the effect of 
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specific features on end point estimations. Although previous studies have provided 

valuable information on the effect of these parameters in isolation, the summation of all 

these errors is yet to be quantified. Additionally, the effect of the personalisation on 

other model parameters (e.g., MTU pathways) has not been investigated. There are a 

number of intricacies and challenges related to the personalisation of the above features 

and combining them into a single subject-specific OpenSim model. The creation of 

these subject-specific OpenSim models have typically been burdened by large cost and 

time constraints. Although few attempts have been made to alleviate the time burden 

associated with creating these subject-specific models through the development of 

specialised software packages. 

Subject-specific modelling software 

AnyBody Modeling Software 

The first method to be discussed is implemented in Anybody (AnyBody Technology, 

Aalborg, Denmark) (Damsgaard et al., 2006). In this method, semi-automated MRI 

segmentations were used to determine subject-specific bone geometry. Bone 

segmentations from the lower-limbs along with manually marked bone surfaces were 

then use to define a number of joints consistent with the generic TLEM 2.0 model 

(Carbone et al., 2015). Upper-limb and torso geometries were scaled using previously 

published optimisation methods (Andersen et al., 2010). Segment mass and inertial 

parameters were then linear scaled based on segment lengths. The MTU origin and 

insertion, and path points are defined using a combination of linear scaling in the case 

of the torso and feet bones, and non-linear morphing for the remaining MTUs. The bone 

geometries from the generic TLEM 2.0 model are morphed to match the subject-

specific MRI segmentations. Along with the bone geometries, the underlying MTU path 

points are morphed to match the subject-specific bone geometry. When comparing the 

subject-specific model to a generic linear scaled model, substantial differences were 

found for segment lengths, MTU lengths and moment arms, joint kinematics, and joint 

kinetics. Although the proposed framework provides a theoretically adequate 

framework, several shortcomings are present. First, although the methods used for 

morphing MTU path points is a theoretically valid approach, the resulting MTU 

kinematics (lengths and moment arms) were not reported, potentially diminishing the 

application of these models in muscle driven simulations. Secondly, the software 
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package is a commercial product and therefore not freely available for the entire 

research community limiting the reach and utility of the methods. 

NMS Builder 

An open-source software package developed for the creation of subject-specific models 

is NMS Builder (Valente et al., 2017). NMS Builder allows users to generate subject-

specific OpenSim models using information derived from a combination of medical 

imaging and MOCAP. This framework requires the manual identification and 

placement of various anatomical landmarks and MOCAP marker positions, and allows 

users to define a number of different joint types compatible with OpenSim. Built within 

this framework is the capability to use medical imaging segmentations to define subject-

specific mass and inertial properties based on tissue volumes and densities. Model 

MTUs can also be defined using this software with the manual placement of MTU 

origin, insertion, and via points. Following the standard guidelines for this software, the 

user is provided with an OpenSim model with several personalised features. Although 

this software somewhat reduces the time burden in creating subject-specific OpenSim 

models, practical limitations of this software still exist. 

The limitations of the models derived from these methods are related to the primarily 

manual nature of identifying anatomical landmarks and MTU path points. Aside from 

being time consuming, users can misidentify anatomical landmarks. The manually 

identified anatomical landmarks are used to construct body coordinate frames which are 

subsequently used to define joint positions and orientations. Errors in these manually 

identified landmarks will produce further errors in both the local position of the body 

and the parameters defining their respective joint. 

If MTUs are included in these OpenSim models, the user is required to manually place 

both fixed origin and insertion points and any via points; these points are subject to the 

same errors as anatomical landmark identification. Additionally, misplaced MTU points 

may produce non-physiological pathways which either penetrate bones or produce non-

physiological shape (e.g. 90º turns). 
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Figure 5: Pelvis, femur, and tibia bodies and local body frames in (A, C) a linear scaled 

scaled OpenSim model and (B, D) NMS Builder generated model. Illustrating the 

misplaced local body coordinate frames present in the NMS Builder models.
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Although limitations in MTU pathways can be reduced with careful, albeit time 

consuming, manual placement, “correct” manual placement does not guarantee 

physiological MTU kinematics. In addition to the manual identification of anatomical 

points, the local anatomical coordinate frames for each body defined within NMS 

Builder are not respected within the generated OpenSim model (Figure 5). Meaning 

although the global location of each body is correct, the local position (expressed 

relative to the body coordinate frame) is incorrect. This may have little to no effect on 

the models when used in inverse kinematic and dynamic analyses, but makes additional 

personalisation based on local coordinate frames all but impossible. 

Finally, the NMS Builder framework requires full segmentations of bone and skin 

surface geometries from highly detailed and complete medical imaging. This imaging is 

not collected in standard biomechanics practice, potentially further limiting the use of 

this framework. If subject-specific models are to be widely adopted, an automated and 

time saving alternative is required. One initiative gaining prominence due to its capacity 

for rapid and highly automated generation of subject-specific OpenSim models is the 

MAP Client (Zhang et al., 2014). 

The Musculoskeletal Atlas Project Client 

The MAP Client is a free and open-source software package developed as part of a 

collaboration between Auckland Bioengineering Institute, Griffith University, Flinders 

University, and the University of Melbourne. The MAP Client contains population-

based statistical shape models (SSMs) of the pelvis, left and right femurs, left and right 

patellae, and left and right tibia-fibula complexes. These SSMs were developed from a 

database of X-ray computer tomography (CT) images from the Victorian Institute of 

Forensic Medicine. Each CT image was segmented and used in a principal component 

(PC) analysis framework to produce an element based mean SSM for each bone (Figure 

6). These mean SSMs represents the average bone shape of the population database 

being considered. Along with these mean SSMs, the PCs, which explain the population 

shape variation, were determined and can be used in subsequent bone morphing and 

reconstruction workflows. 
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Figure 6: Mean element based statistical shape models for the pelvis, patella, femur, and tibia-fibula complex; grey lines represent element 

borders and red points represent node points on the element surface 

.
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Different fitting and morphing procedures can be employed within the MAP Client 

framework to deform each mean SSM to closely match user supplied data (Chapter 5; 

Bone mesh generation). This user supplied data can simply be a trace file, known as a 

TRC file, which contains 3D marker positions acquired in a gait laboratory. In this 

scenario, a PC fitting method can be used to deform an articulated SSM of the lower 

limbs, built using the MAP Client mean SSMs (for each bone) and articulated to form a 

complete lower limb. This PC fitting step morphs the articulated shape model along the 

predefined PCs to closely match the position of anatomical landmarks shared within the 

TRC file and the articulated SSMs. With the inclusion of either partial or complete 

medical imaging, more complex fitting techniques can be employed. 

The inclusion of medical imaging segmentations allows for additional morphing of the 

mean SSMs to closely match the supplied segmentation and therefore the subject’s 

anatomy (Chapter 5). Following the initial PC fitting step, the mean SSM is rigidly 

aligned and scaled to the user supplied segmentation. A combination of non-linear 

morphing techniques, including host-mesh fitting (HMF), PC fitting, and local mesh 

fitting (LMF), can then be implemented. The aim of these morphing steps, is to morph 

the mean SSM of each bone to match the subject’s own anatomy. The accuracy of these 

methods have previously been investigated using a range of different data (Bahl et al., 

2019; Suwarganda et al., 2019; Zhang and Besier, 2017; Zhang et al., 2015). 

Zhang et al. (2015) assessed the accuracy of MAP Client bone reconstructions using 

only MOCAP data to morph the femur mean SSM. The accuracy of MAP Client 

reconstructions generated from MOCAP data were superior compared to linear scaling 

methods employed in OpenSim. These improvements are due to the fact, the MAP 

Client can, unlike linear scaling, morph the bone shape as well as the bone dimensions. 

The MAP Client morphs (i.e., scales) along principal components that represent bone 

shape variations, not just along orthogonal axes aligned to anatomical landmarks. This 

allows the MAP Client to capture more anatomical variation compared to simple linear 

scaling. 

With the inclusion of partial medical imaging, and anatomical measurements these 

reconstructions were further improved (Zhang and Besier, 2017). The reported point-to-

point root mean squared error (RMSE) (compared to a complete segmentation from 

medical imaging) was reduced from 19.1 mm using standard linear scaling to 1.8 mm 

with the inclusion of proximal and distal femur segmentations. Additionally, errors in 

the orientation of femoral axes were reduced from of 2.7-5.6 to 0.15 degrees with the 
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inclusion of partial medical imaging segmentations. Interestingly, improved 

reconstruction accuracy was independent of the amount of segmentation provided, with 

only small improvements shown when additional segmented data were provided. 

The aforementioned studies focused solely on the femur, with recent studies also 

investigating the reconstruction accuracy of the pelvis (Suwarganda et al., 2019). 

Unsurprisingly and in agreement with previous studies (Zhang and Besier, 2017; Zhang 

et al., 2015), the inclusion of segmentation data resulted in improved reconstruction 

accuracy (assessed using RMSE and overall volume similarity). The improvements 

yielded from the inclusion of more medical imaging data seems to reach a point of 

diminishing return. Anecdotally, the regions which appear most important for accurate 

bone reconstructions are the joint ends (proximal and distal) of each bone. This has been 

demonstrated for the femur, where accurate reconstructions using only the proximal and 

distal ends have been shown (Suwarganda et al., 2019). The potential effect these 

changes in reconstruction accuracy have on the subsequent dynamic simulation and 

OpenSim model parameters results remains unexplored.  

In addition to bone reconstruction accuracy, further research has investigated the ability 

of the MAP Client to reconstruction hip joint centre (HJC) locations compared to linear 

scaling (Bahl et al., 2019). Again, in line with previous studies, the MAP Client 

provided superior results compared to linear scaling. Where HJC location error 

(compared to medical imaging segmentation) was reduced from 31.2 mm using linear 

scaling to 6.6 mm using complete segmentations or 11.4 mm using only MOCAP data. 

Once reconstructed, the MAP Client-generated lower limb bones can be assembled into 

a subject-specific OpenSim model. 

Unlike the NMS Builder derived models, MAP Client-generated models do not rely on 

manually identified anatomical landmarks. Instead, the MAP Client uses anatomical 

landmarks stored as nodal points within the element based bone models. Similar to 

NMS Builder, these landmarks are used to construct local body coordinate frames. 

Additionally, the local body coordinate frames are respected within the generated 

OpenSim model (Figure 7). The standard model produced through the MAP Client uses 

the OpenSim gait2392 model (Delp et al., 2007) as a template and, therefore, the body 

list, joint list and type, and MTU list are identical to this generic model. 

After updating the display geometries (derived from the MAP Client morphing 

workflows), scale factors for the longitudinal axis of each bone are calculated where 
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reference values are derived from the mean SSM and test value are derived from the 

MAP Client morphed bone. These calculated scale factors are used to scale the mass 

and inertial properties of each OpenSim body. Joint positions and orientations are then 

updated, again using the anatomical landmarks stored within the MAP Client morphed 

bones. Joint definitions within the MAP Client-generated OpenSim model are consistent 

with the template gait2392 model. Further customisation is then performed to the TFJ to 

ensure no bone penetration (between the femur and tibia) throughout the TFJ range of 

motion (Zhang et al., 2015). The final step in the standard MAP Client workflow is the 

customisation of MTUs. 

First, MTU maximal isometric force are estimated using previously published 

regressions methods (Handsfield et al., 2014). Next, the MTU origin and insertion 

points are personalised using the physical SOMSO  anatomical atlas (Marcus Sommer 

SOMSO Modelle, Sonneberg, Germany) whose MTU origin and insertion points were 

physically identified from the atlas and embedded as node points within the MAP Client 

mean SSM (and subsequently the MAP Client morphed bones) (Chapter 5). Last, the 

MTU via points present in the generic gait2392 are morphed to the subject-specific 

MAP Client-generated model using a HMF technique. This model represents the current 

standard MAP Client-generated OpenSim model. Although the MAP Client-generated 

model is a significant improvement compared to both linear scaled and NMS Builder 

models, a number of limitations and errors are still present. 

First, a number of joints (TFJ, ankle, and subtalar) are represented as simple one DOF 

hinge joints, when in reality, their motions are multi-planar. Second, these models do 

not contain a number of bodies (e.g., patella and upper limb bodies) and their associated 

joints. Last, and most importantly, the intermediate MTU path points (i.e., via points) do 

not produce physiological feasible MTU pathways, with MTUs often penetrating 

through bones and with MTU kinematics (i.e., length and moment arm discontinuities 

(Figure 8) and opposite torque function (Figure 8 F and H). To enable MAP Client-

generated models to be used in frameworks which estimate muscle forces, these 

problems need to be addressed and their implementation automated. 
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Figure 7: Pelvis, femur, and tibia bodies and local body frames in a (A, C) linear scaled 

OpenSim model and (B, D) MAP Client-generated OpenSim model. 
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Figure 8: The MTU (A, C, E, G) length and (B, D, F, H) moment arm of the (A, B) vastus medialis, (C, D) biceps femoris short head, (E, 

F) gracilis, and (G, H) medial gastrocnemius. Values are reported for a single MAP Client-generated OpenSim model (red), the generic 

gait2392 model (black), and reference cadaveric literature values (green). Note discontinuities in (A) vastus medialis length and (B) 

moment arm, and (F) gracilis and (H) medial gastrocnemius moment arms with polarity errors and poor pattern similarity with cadaveric 

data.
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Summary 

The use of generic linear scaled musculoskeletal models has provided valuable insight 

into a number of different phenomena during human locomotion. However, critical gaps 

are still present within current literature, some of which can only be addressed using 

subject-specific computational musculoskeletal models. Subject-specific models have 

seen limited use due time, cost, and knowledge burdens associated with building these 

models. Software such as the MAP Client, which take advantage of SSMs, have the 

potential to rapidly generate subject-specific musculoskeletal models. Importantly, steps 

utilised in the MAP Client framework are highly automated, making their wider 

adoption easy. These subject-specific models represent the next major advancement in 

biomechanical simulation of human locomotion.  
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Introduction 

A large body of research within computational neuromusculoskeletal modelling has 

focussed on the investigation of tibiofemoral joint (TFJ) contact loading due to its 

relationship with degenerative joint disease progression and development (Andriacchi et 

al., 2009). In addition to estimating the magnitude of TFJ contact loading, research has 

investigated the factors which contribute to this loading, of which, the contribution of 

muscles is the largest (Saxby et al., 2016b; Winby et al., 2009).  

Previous research in this area has focused primarily on walking (Pandy and Andriacchi, 

2010; Sasaki and Neptune, 2010; Shelburne et al., 2006; Sritharan et al., 2012; Winby et 

al., 2009) and the contribution of all muscles (Saxby et al., 2016b; Winby et al., 2009)  

with others focussing on grouped muscles (Pandy and Andriacchi, 2010; Sasaki and 

Neptune, 2010; Shelburne et al., 2006; Sritharan et al., 2012). However the contribution 

of individual muscles to the loading and stabilisation of the medial and lateral TFJ 

compartments during a range of locomotion tasks remains unexplored. This research 

will provide valuable information regarding muscular stabilisation of the TFJ and may 

inform rehabilitation programs for patients with TFJ instability. Strengthening the 

muscles identified in this research may increase TFJ stability in these patients, 

potentially reducing the risk of re-injury.   

The primary aim of this study was to examine how TFJ spanning muscles load, and 

subsequently stabilise, medial and lateral TFJ compartments during walking, running, 

and sidestep cutting, herein referred to as sidestepping. The second aim was to assess 

whether relative muscle contributions to TFJ contact loading/stabilisation change 

between locomotion tasks and across the stance phases of a single locomotion task. 

Our first hypothesis (H1) was that during walking the vastus medialis and medial 

gastrocnemius would dominate medial TFJ contact loading, while the lateral TFJ would 

be loaded primarily by the vastus lateralis and lateral gastrocnemius. Furthermore, 

based on changes in joint function across locomotion tasks, i.e., hip versus ankle power 

generation strategies (Novacheck, 1995), we hypothesized (H2) that medial and lateral 

gastrocnemii would make larger contributions to TFJ contact loading during walking 

compared to running, while the rectus femoris, vastus intermedius, vastus medialis, 

vastus lateralis, semimembranosus, semitendinosus, biceps femoris long head, and 

biceps femoris short head would make larger contributions during running compared to 

walking. Our third hypothesis (H3) was that during running and sidestepping, medial 
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TFJ loading would be dominated by vastus medialis, semimembranosus, and 

semitendinosus, while the vastus lateralis, biceps femoris long head, and biceps femoris 

short head would dominate lateral TFJ contact loading. Finally, due to the greater 

requirement for medial TFJ stabilisation in sidestepping compared to running, it was 

hypothesised (H4) that medial muscle contributions to medial TFJ loading would be 

larger in sidestepping. 

Methods  

Participant recruitment 

Data were collected at Griffith University and the University of Melbourne as part of 

the “Young People with Old Knees” study (Ethics reference: PES/36/10/HREC and 

0932864.3 respectively). The present study utilised the control population from this 

dataset, which consisted of 54 healthy individuals recruited from local university 

communities. All participants had no history of major knee injuries/trauma or lower 

limb surgery. Participants’ average ± standard deviation age, height, and mass were 27.3 

± 5.4 years, 1.75 ± 0.11 metres, and 69.7 ± 14.0 kg, respectively. Prior to any testing, 

participants gave their written informed consent and were briefed on all testing and 

safety procedures. 

Gait testing 

To determine body motion and joint angles through the gait laboratory particpants were 

fitted with a modified full-body retro-reflective marker set (Dempsey et al., 2009; Saxby 

et al., 2016b) containing both an upper- and lower-body configuration (tracked using a 

Vicon (Oxford Metrics, Oxford, United Kingdom) motion capture system sampling at 

200Hz) (Figure 9). Additionally, participants were fitted with 8 surface electromyogram 

(EMG) sensors to measure muscle activation patterns (Griffith University (1000Hz) and 

University of Melbourne (2400Hz)). Pre-formed Ag-AgCl dual-electrodes were placed 

on 8 superficial knee muscles consistent with guidelines for surface EMG electrode 

placement (Merletti et al., 2006) EMG data were acquired for the rectus femoris, vastus 

lateralis, vastus medialis, medial hamstrings, lateral hamstrings, tensor fasciae latae, 

medial gastrocnemius, and lateral gastrocnemius of a randomised limb.  

Participants completed trials including a static calibration (Cappozzo et al., 1995) to 

establish a model used for marker labelling, and estimate joint centres for the hip  

(Harrington et al., 2007), knee (Besier et al., 2003b), and ankle (Wu et al., 2002). 
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Participants then completed several dynamic trials comprised of walking at a self-

selected pace, running at 4-5m/s-1, 45° sidestepping at a maximal self-selected speed.  

During all trials, along with marker trajectories and EMG signals, ground reaction 

forces were acquired using in ground force plates (Kistler Group, Winterthur, 

Switzerland) sampling at 1000Hz. Following data collection, each trial’s data were 

cleaned to fill any gaps in marker trajectories using in-built Vicon Nexus 1.82 tools. 

Each trial’s cleaned data were then exported in a standard motion capture format (.c3d 

file) for further processing.  

 

Figure 9: (A) Participant fitted with the full-body marker set and EMG electrodes and 

(B) representation of full-body marker set as seen in Vicon Nexus during static 

calibration trial. 

Gait data processing 

Motion capture (marker trajectories and ground reaction forces) and EMG data were 

extracted from each trial’s c3d file using an open-source MATLAB (Mathworks, 

Massachusetts, USA) toolbox, MOtoNMS (Mantoan et al., 2015). This toolbox consist 

of MATLAB routines which extract marker trajectories, force plate data, and EMG data 

from each dynamic trial. All data were filtered using a second order Butterworth filter 

that was cascaded once to remove the phase shift. Markers and force plate data were 

low-pass filtered at a cut-off frequency of 10 Hz for walking and 15 Hz for running and 
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sidestepping. EMG signals from all trials were band pass filtered (30-400 Hz), full-

wave rectified, and finally low pass filtered (6 Hz) to produce a linear envelope. Data 

extracted using MOtoNMS were then utilised in a standard OpenSim modelling 

framework.  

OpenSim model scaling 

The generic model used for this study was a modified gait2392 model (Delp et al., 

2007), with the addition of upper-limbs (Saxby et al., 2016b). Overall, the model 

contained 25 bodies, interconnected by 24 joints, with 54 degrees of freedom (DOFs), 

and actuated by 68 muscle tendon units (MTUs). In this OpenSim model, a two point 

TFJ contact model (Schipplein and Andriacchi, 1991; Winby et al., 2009) was 

implemented as a 4 body model as per Saxby et al. (2016b). The TFJ model used in this 

study had three open rotational DOFs: flexion/extension, abduction/adduction, and tibial 

internal/external rotation that were solved using the inverse kinematics tool in 

OpenSim. The anterior/posterior and superior/inferior tibial translations were prescribed 

as functions of TFJ flexion angle, consistent with previous research (Yamaguchi and 

Zajac, 1989) with medial/lateral translations fixed at zero. The generic model was 

linearly scaled for each individual using standard OpenSim scaling recommendations 

using marker positions extracted from the static calibration trial. Secondary to this 

anatomical scaling is morphometric scaling, which was performed as MTU optimal 

fibre and tendon slack lengths do not scale linearly with segment lengths (Ward et al., 

2005). The method (Modenese et al., 2016; Winby et al., 2008) used to scale MTU 

parameters aims to preserve the normalised operating range of each MTU by 

maintaining each MTU’s normalised fibre and tendon lengths between the template 

(generic) and linearly scaled models for a set of equidistant joint angles across each 

joints range of motion. This maintains fibre and tendon dimensionless force-length 

operating ranges by optimising the optimal fibre and tendon slack lengths. Linear scaled 

and tuned models were then utilised in a standard OpenSim modelling framework.  

Generalised coordinates for all DOFs were solved using marker trajectories from 

motion capture using the inverse kinematics tool in OpenSim (Delp et al., 2007). The 

TFJ model used in this study had three open rotational DOFs with 2 translations 

(superior/inferior and anterior/posterior) prescribed as a function of TFJ flexion. To 

prevent non-physiological TFJ motion, the abduction/adduction and internal/external 

rotations were constrained within +5/-5 and to +15/-5 degrees, respectively, based on 
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measurements from cadavers (Kanamori  et al., 2002) and an in vivo study using intra-

cortical bone pins (Benoit et al., 2006). Joint kinetics and MTU kinematics (lengths and 

moment arms) were then estimated using the in-built OpenSim inverse dynamics and 

muscle analysis tools respectively. Joint contact loads and muscle forces were then 

estimated during each individual locomotion trial using the Calibrated EMG-Informed 

Neuromusculoskeletal (CEINMS) toolbox (Pizzolato et al., 2015). 

CEINMS toolbox 

The CEINMS toolbox utilises joint kinematics, joint moments and MTU kinematics 

derived from OpenSim along with the processed EMG linear envelopes to estimate 

muscle forces which can then be used to estimate TFJ contact loads and eventually 

muscle contribution to TFJ loading and stabilisation. The EMG linear envelopes from 

the 8 superficial lower limb MTUs were mapped to 11 MTUs (Table 1) using 

previously described methods (Sartori et al., 2012a). This method assumes that MTUs 

which share a common innervation nerve, exhibit identical activation patterns (e.g., 

on/off timings). This allowed for the estimation of muscle activation patterns from 

muscles which are not directly sampled via EMG. The EMG linear envelopes are then 

normalised to a maximum value (estimated from all locomotion trials and a set of 

maximal voluntary contraction trials), and then mapped to neural activations using a 

second order recursive filter (Lloyd and Besier, 2003). The second order filter 

represents the activation dynamics, where the current activation is based not only on the 

current normalised EMG amplitude value, but also on the previous neural activations 

(Equation 1). 

Table 1: Acquired EMG signals and the various MTUs which were mapped using the 

acquire EMG signals (Sartori et al., 2012a). 

EMG Sensor Associated MTUs 

Rectus Femoris Rectus Femoris 

Vastus Medialis Vastus Medialis and Vastus Intermedius* 

Vastus Lateralis Vastus Lateralis and Vastus Intermedius* 

Medial Hamstring# Semimembranosus and Semitendinosus 

Lateral Hamstring# Biceps Femoris long and short heads 

Medial Gastrocnemius Medial Gastrocnemius 

Lateral Gastrocnemius  Lateral Gastrocnemius  

Tensor Fasciae Latae Tensor Fasciae Latae 

* Vastus Intermedius activation is the combination of VM and VL 

# Hamstring EMG sensors were used to map activation of both their respective MTUs 
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𝑢(𝑡) = 𝛼𝑒(𝑡 − 𝑑) − 𝛽1 𝑢(𝑡 − 1) −  𝛽2 𝑢(𝑡 − 2)  (1) 

Where 𝑢 is neural activation, 𝑡 is the current time point, 𝑒 is the normalised EMG 

amplitude, 𝑑 is the electromechanical delay (40ms), 𝛼 is a gain coefficient, and 𝛽1  and 

𝛽2 are coefficients defining the second order dynamics of the recursive filter. 

The second order activation dynamics are controlled by two parameters, C1 and C2 

(Equation 2), which are refined within the calibration loop. 

              𝛽1 = 𝐶1 + 𝐶2 

𝛽2 = 𝐶1. 𝐶2  

𝛼 −  𝛽1 −  𝛽2 = 1 (2) 

Where C1 and C2 are coefficients for MTU activation mapping, 𝛽1 𝑎𝑛𝑑 𝛽2  are 

coefficients defining the second order dynamics, and 𝛼 is a gain coefficient. 

Neural activations are then mapped to muscle activations using a non-linear relationship 

defined by a single shape factor, A (Figure 10) (Lloyd and Besier, 2003). The muscle 

activations together with MTU kinematics are used to drive a modified Hill-type muscle 

model to estimate MTU forces (Lloyd and Besier, 2003) (Equation 3). 

𝐹𝑚 = (𝑓𝐴 (𝑙𝑚) × 𝑓𝑣(𝑣𝑚) × 𝑎 + 𝑓𝑝(𝑙𝑚) + 𝑑𝑚  × 𝑣𝑚) × 𝐹0
𝑚 ×  𝛿 

𝐹𝑚𝑡 = 𝐹𝑚 × cos (𝛾) (3) 

Where 𝐹𝑚  is muscle force component, 𝑓𝐴 (𝑙𝑚) is a representation of the muscle ability 

to actively produce force across differing lengths, 𝑓𝑝(𝑙𝑚) is a representation of the 

muscle ability to passively produce force when being stretched, 𝑓𝑣(𝑣𝑚)   is an 

expression that alters the muscle force depending on the contraction velocity, 𝑎 is the 

muscle activation level (0≤ 𝑎 ≥ 1), 𝐹0
𝑚 is the force produced at the optimal fibre 

length, 𝑑𝑚 is a MTU parallel dampening factor which prevents singularities in the 

inverted force-velocity relationship (Schutte, 1993a) , 𝑣𝑚 is the muscle contraction 

velocity, 𝛿 is the muscle strength coefficient, 𝐹𝑚𝑡 is the MTU force, and 𝛾 is the 

pennation angle. 
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Figure 10: Graphical representation of the mapping of neural activation to muscle 

activation. Where the curvature of the line is defined by the shape factor A (Buchanan et 

al., 2004). 

Muscle moments are calculated as the product of muscle force (estimated via CEINMS) 

and its respective moment arm (calculated in OpenSim using the muscle analysis tool). 

Summed muscle moments estimated in CEINMS, are then compared to the external 

moments computed using the inverse dynamics tool in OpenSim. Due to the 

assumptions made using the CEINMS toolbox, there is an initial mismatch between 

these two estimates. The mismatch between these two values is then minimised through 

a calibration process in CEINMS by adjusting (i) the non-linear activation dynamics 

parameters (i.e., C1, C2, and A) and (ii) the MTU parameters (i.e., tendon slack length, 

muscle strength coefficients, and optimal fibre length) (Lloyd and Besier, 2003; 

Pizzolato et al., 2015; Sartori et al., 2012a) within physiological bounds (± 10% of 

initial model (Delp et al., 2007) estimates) 

. This calibration process was run for a subset of the collected data consisting of a single 

trial from each locomotion task. The values that yield the minimum error across these 
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trials are then used in the open loop execution mode of CEINMS to estimate final 

muscle forces, joint moments, and subsequently TFJ contact loads.  

Joint contact loading estimations 

For each of the locomotion trials which were not used within the calibration process, 

CEINMS was executed to estimate muscle forces and TFJ contact loads. Estimation of 

TFJ contact loads are based on the previously mentioned two point TFJ contact model 

(Schipplein and Andriacchi, 1991; Winby et al., 2009). This contact model states that 

the external moments around one contact point must be balanced by a combination of 

muscle and contact moments (due to joint reaction forces) about the opposite contact 

point. This model relies on three assumptions. First, only loads with a component acting 

in the knee’s frontal plane contribute to loading about the medial and lateral TFJ 

compartments. Second, contact forces act only through two discrete points (one medial 

and one lateral) whose geometry is determined by a regression equation based on 

intercondylar width. The final assumption is the articular ligaments are not considered 

in the joint model. As a result, the contribution of these ligaments to TFJ contact 

loading is assumed to be zero. If these assumptions are taken and quasi-static 

equilibrium is enforced it is possible to solve for unknown net medial and lateral TFJ 

contact loads (Figure 11). Joint contact loads, muscle moments, and external moments 

are then used in further processing to calculate individual muscle contributions to TFJ 

contact loading. 

Muscle contribution calculation 

The calculation of individual muscle contribution to medial and lateral compartment 

TFJ loading utilises outputs from CEINMS (i.e., muscle forces, muscle moment arms, 

and external moments) and are again based on the previously described two point TFJ 

contact model (Figure 11). With knowledge of the external moments and muscle-

generated moments, contribution of each muscle moment can be calculated (Equation 

4). For example, rectus femoris muscle contribution to medial compartment TFJ contact 

loading is equivalent to the moment produced by rectus femoris relative to the lateral 

compartment divided by the sum of all the moments (external and muscle moments) 

relative to the lateral compartment. The rectus femoris moment relative to the lateral 

compartment is the product of the force produced by the rectus femoris (estimated via 

CEINMS) and its moment arm relative to the lateral compartment (calculated using 
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OpenSim). This procedure is repeated for each muscle crossing the TFJ, both the medial 

and lateral TFJ compartments, each trial and each participant. 

 

 

 

Figure 11: Two point TFJ contact model used to estimate medial and lateral TFJ 

contact loading. Where dIC is the intercondylar distance, Fmusc is the muscle force, FLC is 

the lateral compartment contact load, MMC
ext is the summed external moment about the 

medial compartment, and rMC
musc is the MTU moment arm relative to the medial 

compartment. Adapted from Winby et al. (2009). 
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Where 𝑀𝑖
𝑀𝐶  and 𝑀𝑖

𝐿𝐶  are ith muscle moments, 𝑟i
𝑀𝐶and 𝑟i

𝐿𝐶 are ith muscle moment arms 

and  𝑀𝑖
𝑐𝑜𝑛𝑡(𝑀𝐶)

 and 𝑀𝑖
𝑐𝑜𝑛𝑡(𝐿𝐶)

 are ith muscle’s contribution to loading relative to the 

medial and lateral TFJ compartment respectively. 𝑀𝑚𝑢𝑠𝑐𝑙𝑒
𝑀𝐶 and 𝑀𝑚𝑢𝑠𝑐𝑙𝑒

𝐿𝐶  are muscle 

moments summed about the medial and lateral TFJ contact points, and 𝑀𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙
𝑀𝐶 and 
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𝑀𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙
𝐿𝐶  are external frontal plane moments summed about the medial and lateral TFJ 

contact points, and 𝐹𝑖
𝑀 is ith muscle’s force. The individual relative muscle contributions 

(𝑀𝑖
𝑐𝑜𝑛𝑡(𝐿𝐶/𝑀𝐶)

) to each compartments loading are expressed as a percentage of the 

summed muscle and external moments (𝑀𝑚𝑢𝑠𝑐𝑙𝑒
𝑀𝐶/𝐿𝐶

+ 𝑀𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙
𝑀𝐶/𝐿𝐶

). 

For analysis purposes, the stance phase was divided into three phases based on TFJ 

flexion/extension kinematics: weight acceptance, mid-stance, and push-off (Figure 12). 

A 10 Newton threshold was used to define the beginning and end-of stance. The weight 

acceptance phase was between initial foot contact and the first trough in TFJ 

flexion/extension. The mid-stance phase began directly after weight acceptance for all 

locomotion tasks, while end-of-mid-stance was defined as the first peak in TFJ 

flexion/extension angle during walking (Figure 12A), and the point-of-inflection of the 

TFJ flexion/extension angle in running and sidestepping (Figure 12B and C 

respectively). Finally, the push-off phase was from end-of-mid-stance to toe-off. 

 

Figure 12: Tibiofemoral joint flexion/extension throughout the stance phase of (A) 

walking, (B) running, and (C) sidestepping indicating the definition of (WA) weight 

acceptance, (MID) mid-stance and (PO) push-off phases of stance. 

Multifactor repeated measures analyses of variance were used to determine main effects 

of, and interaction between, locomotion task, stance phase, TFJ compartment, and 

individual muscle. When significant main and interaction effects were found, 

Bonferroni post-hoc tests were performed to determine specific muscle and task 

differences. Statistical significance was set at p < 0.05, with all analyses performed in 

SPSS v22 (IBM, Armonk, NY). Individual muscle contributions to TFJ contact loading 
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were compared within stance phases and within locomotion tasks to determine 

dominant contributors to TFJ contact loading.  The magnitude of relative muscle 

contributions were then compared between locomotion tasks and within stance phases 

to determine task differences. 

Results 

Individual muscle contribution to both the medial and lateral TFJ contact loading were 

estimated for 11 muscles crossing the TFJ and during three different locomotion tasks, 

walking, running and sidestepping. Individual muscle contribution results represent the 

relative contribution of each muscle to the summed moments which act to load a 

specific TFJ compartment. If these summed moments (external and/or summed muscle 

moments) increase while the individual muscle moment remains the same, the relative 

contribution of this muscle will decrease. Similarly, if the muscle moment increases 

disproportionately to the summed moments (summed external and muscle) the relative 

contribution will increase.  During walking, medial TFJ contact loading was 1.39, 1.14, 

and 1.06 bodyweights (BW) during weight acceptance, midstance, and push off, 

respectively. During running, medial TFJ contact loading was 4.14, 2.91, and 0.95 BW 

during weight acceptance, midstance, and push off, respectively. During sidestepping, 

medial TFJ contact loading was 3.60, 2.26, and 0.59 BW during weight acceptance, 

midstance, and push off, respectively. Lateral TFJ contact loading during walking was 

0.90, 0.60, and 0.69 BW during weight acceptance, midstance, and push off, 

respectively. Lateral TFJ contact loading during running was 2.26, 1.91, and 1.05 BW 

during weight acceptance, midstance, and push off, respectively. Finally, during 

sidestepping, lateral TFJ contact loading was 3.24, 3.05, and 1.66 BW during weight 

acceptance, midstance, and push off, respectively. 

 Lateral TFJ contact loading during running was 2.26, 1.91, and 1.05 BW during weight 

acceptance, midstance, and push off respectively. Finally, during sidestepping, lateral 

TFJ contact loading was 3.24, 3.05, and 1.66 BW during weight acceptance, midstance, 

and push off respectively. Contribution of individual muscles across the entire stance 

phase for walking, running and sidestepping are shown in Figures 13, 14, and 15 

respectively while the mean contribution for each phase of stance is shown in Table 2, 

3, and  4 respectively. 
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Figure 13: Individual (average ± standard error) muscle contributions to medial and lateral TFJ loading during walking. Muscles are 

grouped according to their ability to produce an abduction or adduction moment relative to the TFJ centre. 
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Figure 14: Individual (average ± standard error) muscle contributions to medial and lateral TFJ loading during running. Muscles are 

grouped according to their ability to produce an abduction or adduction moment relative to the TFJ centre. 
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Figure 15: Individual (average ± standard error) muscle contributions to medial and lateral TFJ loading during sidestepping. Muscles are 

grouped according to their ability to produce an abduction or adduction moment relative to the TFJ centre. 
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Table 2: Average individual muscle relative contributions (± standard error) to medial and lateral TFJ contact loading during the stance 

phase of walking.  

 Weight Acceptance Mid-stance Push-off 

 Medial Lateral Medial Lateral Medial Lateral 

RF 7.8 ± 0.5 10.1 ± 0.5 3.1 ± 0.4 5.5 ± 0.6 5.1 ± 0.5 6.3 ± 0.5 

VI 12.1 ± 0.6 9.9 ± 0.7 1.9 ± 0.6 1.8 ± 0.8 2.4 ± 0.7 1.6 ± 0.7 

VM 16.7 ± 0.6 7.0 ± 0.7 2.8 ± 0.6 0.9 ± 0.8 3.3 ± 0.7 0.7 ± 0.7 

VL 11.7 ± 0.6 15.3 ± 0.7 1.6 ± 0.6 2.9 ± 0.8 2.3 ± 0.7 2.8 ± 0.7 

SM 18.6 ± 0.6 9.4 ± 0.7 4.5 ± 0.6 2.4 ± 0.8  2.9 ± 0.7 1.0 ± 0.7 

ST 7.4 ± 0.6 4.5 ± 0.7 1.7 ± 0.6 0.6 ± 0.8  1.3 ± 0.7 0.3 ± 0.7 

BFLH 4.2 ± 0.6 17.4 ± 0.7 0.3 ± 0.6 5.8 ± 0.8  0.3 ± 0.7 3.7 ± 0.7 

BFSH 3.9 ± 0.6 12.0 ± 0.7 0.6 ± 0.6 11.1 ± 0.8  0.6 ± 0.7 10.0 ± 0.7 

MG 13.4 ± 0.6 4.4 ± 0.7 28.9 ± 0.6 2.9 ± 0.8  32.3 ± 0.7 2.5 ± 0.7 

LG 4.1 ± 0.6 10.5 ± 0.7 1.5 ± 0.6 19 ± 0.8  2.1 ± 0.7 20.3 ± 0.7 

TFL 3.5 ± 0.6 8.2 ± 0.7 0.0 ± 0.6 7.3 ± 0.8 0 ± 0.7 4.9 ± 0.7 

Rectus femoris (RF) , vastus intermedius (VI) , vastus medialis (VM), vastus lateralis (VL), semimembranosus (SM) , semitendinosus 

(ST), biceps femoris long head (BFLH), biceps femoris short head (BFSH), medial gastrocnemius (MG), lateral gastrocnemius (LG), and 

tensor fasciae latae (TFL). 
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Table 3: Average individual muscle relative contributions (± standard error) to medial and lateral TFJ contact loading during the stance 

phase of running. 

 Weight Acceptance Mid-stance Push-off 

 Medial Lateral Medial Lateral Medial Lateral 

RF 5.0 ± 0.3  8.1 ± 0.4  5.3 ± 0.4 6.9 ± 0.4 7.3 ± 0.6 7.7 ± 0.5 

VI 14.3 ± 0.5  11.3 ± 0.5  8.1 ± 0.5 5.2 ± 0.5 6.0 ± 0.8 3.7 ± 0.7 

M 18.5 ± 0.5  5.1 ± 0.5  10.1 ± 0.5 2.3 ± 0.5 7.6 ± 0.8 1.7 ± 0.7 

VL 15.1 ± 0.5  22.6 ± 0.5  9.0 ± 0.5 10.3 ± 0.5 6.2 ± 0.8 6.8 ± 0.7 

SM 7.7 ± 0.5  3.7 ± 0.5  7.9 ± 0.5 3.0 ± 0.5 15.4 ± 0.8 4.9 ± 0.7 

ST 2.8 ± 0.5 1.0 ± 0.5  2.8 ± 0.5 0.8 ± 0.5 5.4 ± 0.8 1.3 ± 0.7 

BFLH 0.4 ± 0.5 10.5 ± 0.5  0.5 ± 0.5 9.8 ± 0.5 0.9 ± 0.8 14.1 ± 0.7 

BFSH 0.2 ± 0.5 5.7 ± 0.5  0.4 ± 0.5 6.8 ± 0.5 0.7 ± 0.8 10.3 ± 0.7 

MG 12.6 ± 0.5 1.4 ± 0.5  18.1 ± 0.5 1.6 ± 0.5 24.3 ± 0.8 1.7 ± 0.7 

LG 0.6 ± 0.5 10.9 ± 0.5 0.8 ± 0.5 11.8 ± 0.5 1.2 ± 0.8 13.5 ± 0.7 

TFL 0.0 ± 0.5 3.9 ± 0.5 0.0 ± 0.5 3.7 ± 0.5 0 ± 0.8 4.6 ± 0.7 

Rectus femoris (RF) , vastus intermedius (VI) , vastus medialis (VM), vastus lateralis (VL), semimembranosus (SM) , semitendinosus 

(ST), biceps femoris long head (BFLH), biceps femoris short head (BFSH), medial gastrocnemius (MG), lateral gastrocnemius (LG), and 

tensor fasciae latae (TFL). 
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Table 4: Average individual muscle relative contributions (± standard error) to medial and lateral TFJ contact loading during the stance 

phases of sidestepping. 

 Weight Acceptance Mid-stance Push-off 

 Medial Lateral Medial Lateral Medial Lateral 

RF 6.7 ± 0.4 7.2 ± 0.3 10.4 ± 0.6 7.0 ± 0.3 19.4 ± 1.1 8.4 ± 0.4 

VI 17.7 ± 0.5 8.9 ± 0.5 14.4 ± 0.8 4.3 ± 0.5 14.0 ± 1.6 3.8 ± 0.5 

M 22.0 ± 0.5 4.3 ± 0.5 17.4 ± 0.8 2.4 ± 0.5 17.8 ± 1.6 1.6 ± 0.5 

VL 18.9 ± 0.5 17.8 ± 0.5 15.8 ± 0.8 8.4 ± 0.5 13.7 ± 1.6 6.9 ± 0.5 

SM 8.7 ± 0.5 3.0 ± 0.5 9.2 ± 0.8 2.0 ± 0.5 19.3 ± 1.6 2.8 ± 0.5 

ST 2.7 ± 0.5 0.7 ± 0.5 3.1 ± 0.8 0.5 ± 0.5 6.7 ± 1.6 0.7 ± 0.5 

BFLH 0.5 ± 0.5 9.2 ± 0.5 0.6 ± 0.8 7.2 ± 0.5 1.1 ± 1.6 8.7 ± 0.5 

BFSH 0.3 ± 0.5 4.8 ± 0.5 0.4 ± 0.8 5.1 ± 0.5 0.9 ± 1.6 6.5 ± 0.5 

MG 10.7 ± 0.5 0.8 ± 0.5 23.3 ± 0.8 1.2 ± 0.5 36.0 ± 1.6 1.1 ± 0.5 

LG 0.6 ± 0.5 7.3 ± 0.5 1.2 ± 0.8 8.9 ± 0.5 1.9 ± 1.6 9.4 ± 0.5 

TFL 0 ± 0.5 2.8 ± 0.5 0.1 ± 0.8 3.2 ± 0.5 0.1 ± 1.6 4.5 ± 0.5 

Rectus femoris (RF) , vastus intermedius (VI) , vastus medialis (VM), vastus lateralis (VL), semimembranosus (SM) , semitendinosus 

(ST), biceps femoris long head (BFLH), biceps femoris short head (BFSH), medial gastrocnemius (MG), lateral gastrocnemius (LG), and 

tensor fasciae latae (TFL). 
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During walking, lateral gastrocnemius dominated contribution to lateral compartment 

loading during mid-stance (19±0.8%), and push-off (20.3±0.7%), while biceps femoris 

long head (17.4±0.7%), and vastus lateralis (15.3±0.7%) were dominant during weight 

acceptance. During weight acceptance, semimembranosus (18.6±0.6%) and vastus 

medialis (16.7±0.6%) were the primary loaders of the medial compartment, while the 

medial gastrocnemius dominated muscle contribution to medial compartment loading 

during mid-stance (28.9±0.06%) and push-off (32.3±0.7%). During running, muscle 

contribution to lateral compartment loading was dominated by vastus lateralis 

(22.6±0.5%) during weight acceptance and a combination of lateral gastrocnemius 

(11.8±0.5%), vastus lateralis (10.3±0.5%), and biceps femoris long head (9.8±0.5%) 

during mid-stance. Muscle contribution to medial compartment loading was dominated 

by vastus medialis (18.5±0.5%) during weight acceptance and the medial gastrocnemius 

during mid-stance (18.1±0.5%) and push-off (24.3±0.8%). During sidestepping, muscle 

contribution to lateral compartment loading was dominated by vastus lateralis 

(17.8±0.5%) during weight acceptance with no dominant muscle identified during mid-

stance or push-off. Muscle contribution to medial compartment loading was dominated 

by vastus medialis (22.0±0.5%). 

Percentage contributions to TFJ contact loading changed between walking and running, 

and between running and sidestepping (Figures 16 and 17: Table 5). During weight 

acceptance, relative muscle contributions were generally higher in walking compared to 

running, with the exception of rectus femoris, vastus intermedius, and vastus lateralis. 

During mid-stance and push-off, relative muscle contributions were typically higher 

during running, except for medial and lateral gastrocnemii. When comparing running 

and sidestepping, relative muscle contributions to medial compartment loading were 

typically larger in sidestepping, whereas relative muscle contributions to lateral 

compartment loading were typically higher in running. 
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Table 5: Between tasks differences in individual relative muscle contribution to medial 

and lateral TFJ contact loading during each phase of stance.  

 

 Weight acceptance Mid-stance Push-off 

 Medial Lateral Medial Lateral Medial Lateral 

RF W >R*** W>R*** 
R>W*** 

S>R*** 
NSD S>R*** NSD 

VI R>W* R>S*** 
R>W*** 

S>R*** 
NSD 

R>W** 

S>R*** 
R>W*** 

VM NSD W>R*** 
R>W*** 

S>R*** 
NSD 

R>W** 

S>R*** 
R>W*** 

VL R>W** 
R>W*** 

R>S** 

R>W*** 

S>R*** 
NSD 

R>W** 

S>R*** 
R>W*** 

SM W>R*** W>R*** R>W** R>S* R>W*** 
R>W*** 

R>S*** 

ST W>R*** 
W>R*** 

R>S* 
R>W** R>S*** R>W*** 

R>W*** 

R>S*** 

BFLH W>R*** W>R*** NSD NSD R>W** 
R>W*** 

R>S*** 

BFSH W>R*** W>R*** NSD NSD NSD NSD 

MG NSD 
W>R*** 

R>S*** 
W>R*** NSD 

W>R* 

S>R* 
W>R* 

LG W>R*** R>S** 
W>R*** 

S>R* 
NSD 

W>R*** 

S>R*** 
W>R*** 

TFL W>R*** W>R*** NSD NSD NSD NSD 

Where NSD is no significant difference, W is walking, R is running, S is sidestepping 

* p < 0.05, ** p < 0.01 and *** p < 0.001 

Rectus femoris (RF) , vastus intermedius (VI) , vastus medialis (VM), vastus lateralis 

(VL), semimembranosus (SM) , semitendinosus (ST), biceps femoris long head 

(BFLH), biceps femoris short head (BFSH), medial gastrocnemius (MG), lateral 

gastrocnemius (LG), and tensor fasciae latae (TFL).  
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Figure 16: Average (± standard error) individual muscle relative contributions to medial TFJ loading during the weight acceptance, mid-

stance, and push-off stance phases of walking, running, and sidestepping. 
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Figure 17: Average (± standard error) individual muscle relative contributions to lateral TFJ loading during the weight acceptance, mid-

stance, and push-off stance phases of walking, running, and sidestepping. 
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Discussion 

This was the first study to examine relative contributions of individual muscles to 

medial and lateral TFJ contact loading during walking, running, and sidestepping. Our 

hypotheses were largely confirmed, as contributions of individual muscles to TFJ 

contact loading changed across stance phases (H1 and H3) and between locomotion tasks 

(H2 and H4). Future investigations may use the current findings to inform rehabilitation 

or conditioning programs for individuals based on the muscular stabilisation 

requirements of commonly performed tasks. 

Walking results partially confirmed H1 and were consistent with previous literature 

(Shelburne et al., 2006; Sritharan et al., 2012; Winby et al., 2009). During walking, 

mid-stance and push-off, medial and lateral gastrocnemii were found to dominate 

medial and lateral TFJ contact loading, respectively. In accordance with previous 

literature, vastii (vastus medialis and vastus lateralis) and hamstring (semimembranosus 

and biceps femoris long head) muscles dominated medial and lateral TFJ contact 

loading during weight acceptance. Contrary to Winby et al. (2009) we found a ~7% 

(versus ~25%) contribution of tensor fasciae latae to the lateral TFJ contact loading 

during walking (Figure 13: Table 2). This may be due, in part, to different modelling 

techniques. Winby et al. (2009) combined two different software (i.e., BodyBuilder and 

SIMM) and a direct kinematics approach, with unconstrained kinematic estimation. Our 

approach used one software for all modelling (i.e., OpenSim) and an inverse kinematics 

approach, which constrained TFJ kinematics to prevent non-physiological motions, such 

as distraction and interpenetration. Traditional motion capture  (i.e., based on skin-

surface mounted markers) combined with direct kinematics calculations result in 

inaccurate measures of non-sagittal knee rotations (Benoit et al., 2006) due to soft tissue 

artefact (Stagni et al., 2005). This may have resulted in larger knee adduction angles and 

moments in Winby et al. (2009). Moreover, the TFJ contact model used in both studies 

is sensitive to the magnitude of the external frontal plane (abduction/adduction) 

moment. Increased external TFJ adduction moments need to be supported by increased 

lateral muscle moments, of which the tensor fasciae latae is a member. Finally, Winby 

et al. (2009) used a single DOF calibration whereas this research used a multi DOF 

calibration, which has previously been shown to result in different muscle force 

estimations, particularly in bi-articulate muscles, i.e., tensor fasciae latae, rectus 

femoris, and gastrocnemii (Sartori et al., 2012a), potentially further contributing to the 

observed difference. 



110 

 

Previous studies of running investigated net muscle (Saxby et al., 2016b) or grouped 

muscle (Sasaki, 2010) contributions to TFJ contact loading, or contributions to body 

acceleration (Hamner and Delp, 2013; Hamner et al., 2010). A conclusion common to 

these studies was that the quadriceps are dominant during early stance, while hamstrings 

and gastrocnemii are dominant during mid-to-late stance. Partially confirming H3, our 

results are consistent with these prior reports, indicating vastus medialis and vastus 

lateralis are dominant contributors to medial and lateral TFJ contact loading during 

weight acceptance, respectively. Similarly, medial gastrocnemius dominates 

contribution to medial TFJ contact loading during mid-stance and push-off. Contrary to 

prior reports, during mid-stance, the vastus lateralis, and biceps femoris long head 

dominated contribution to lateral TFJ contact loading with no significant main effect of 

muscle during push-off. Results for running show a striking resemblance to walking, 

with selected quadriceps muscles dominant during weight acceptance and the 

gastrocnemii muscles dominate during mid-stance and push-off. This is unsurprising 

due to the straight line nature of both tasks; however, these conclusions cannot be 

readily extended to non-straight line tasks such as sidestepping. 

Previously only three studies (Saxby et al., 2016b; Weinhandl et al., 2013, 2014) have 

considered muscle contributions during sidestepping. Weinhandl et al. (2013) and 

Weinhandl et al. (2014), when examining the muscular  support of the anterior cruciate 

ligament (ACL), speculated that the vastii act together to increase TFJ compression 

during sidestepping. Now for the first time we have shown that during weight 

acceptance medial and lateral TFJ contact loading was dominated by vastus medialis 

and vastus lateralis, respectively, partially confirming H3. Additionally, medial 

gastrocnemius dominated contribution to medial TFJ contact loading during mid-stance 

and push-off, but no difference was shown with respect to lateral TFJ compartment. In 

addition to contributing to loading, these muscles are also responsible for providing 

stabilisation of the TFJ. This suggests that vastus medialis, vastus lateralis, and medial 

gastrocnemius should be strengthened to provide adequate stability during sidestepping 

to potentially reduce the risk of ACL rupture. These results may seem intuitive as 

muscles with largest abduction/adduction moment arms, and which provide substantial 

body propulsion (Novacheck, 1998), contribute most to TFJ contact loading. 

Interestingly, almost the same muscles are dominant for all three locomotion tasks, 

despite differences in kinematics (Novacheck, 1998), kinetics (Novacheck, 1998) , 

muscle activation patterns (Besier et al., 2003a), and TFJ contact loads (Saxby et al., 

2016b). Regardless of the task, vastus medialis, vastus lateralis, medial gastrocnemius, 
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and lateral gastrocnemius provide the majority of the muscular stabilisation of the TFJ. 

Therefore, strengthening and coordinating vastus medialis, vastus lateralis, medial 

gastrocnemius, and lateral gastrocnemius to ensure adequate TFJ stability should be a 

priority following TFJ orthopaedic procedures, although stability may come at the 

expense of increased TFJ contact loading (Brandon et al., 2014), which has previously 

been linked to an increased risk of osteoarthritis development (Andriacchi et al., 2009). 

We found several changes in muscle contributions to TFJ contact loading between 

walking and running due to task-specific kinematics and kinetics (Table 5). Hip joint 

positive powers increase and ankle joint positive powers decrease during running 

compared to walking (Novacheck, 1995). This was reflected in our results where medial 

and lateral gastrocnemii contributions to medial and lateral TFJ contact loading were 

higher in walking compared to running during mid-stance and push-off thereby 

confirming H2. Further confirming H2, the vastus intermedius, vastus medialis, vastus 

lateralis, semimembranosus, semitendinosus, biceps femoris long head, and biceps 

femoris short head contributions to medial and lateral TFJ contact loading were higher 

in running compared to walking during mid-stance and push-off. Additionally, 

increased contributions from vastus lateralis, biceps femoris long head, and biceps 

femoris short head from walking to running reflect a more laterally directed muscle 

activation strategy to counteract the larger knee adduction moment present during 

running (Schwartz et al., 2008). Interestingly, during weight acceptance, the 

semimembranosus, semitendinosus, and biceps femoris long head contributions to 

medial and lateral TFJ contact loading were higher in walking compared to running, but 

the same muscle’s contributions during push-off were higher during running compared 

to walking. This higher contribution during weight acceptance in walking may be 

caused by active hamstring-driven hip extension, which, during running, may occur 

more passively assisted by higher amounts of limb momenta. We observed an increase 

in tensor fasciae latae relative contribution to TFJ contact loading during walking 

compared to running, potentially due to changes in the muscle’s adduction moment arm. 

Tensor fasciae latae adduction moment arm decreases as knee flexion increases (Lloyd 

and Buchanan, 2001),  since larger knee flexion occurs during running compared to 

walking (Schwartz et al., 2008) tensor fasciae latae moment arm magnitude may be 

reduced. These results again highlight the importance of vastus medialis and vastus 

lateralis in stabilising the medial and lateral TFJ compartments, especially when 

performing vigorous movements such as running. 
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Several differences were also apparent comparing relative muscle contributions during 

running and sidestepping. H4 was partially confirmed with higher contributions by 

medial muscles although differences were also shown in lateral muscles.  A clear, 

counter intuitive pattern was seen across all stance phases. Various muscles, irrespective 

of if they were medial (vastus medials, semimembranosus, and medial gastrocnemius), 

lateral (vastus lateralis and lateral gastrocnemius) or neither (rectus femoris and vastus 

intermedius) based on their moment arms, increased their contributions to medial TFJ 

contact loading and decreased their lateral TFJ contact loading contributions in 

sidestepping compared to running (Table 5). These changes are likely driven by 

differences in the TFJ adduction/abduction moment between tasks; the TFJ experiences 

a predominantly external abduction moment in sidestepping, unlike running where an 

external adduction moment is present. An abduction moment, if unsupported, tends to 

compress the lateral and unload the medial compartment (Besier et al., 2003a). 

Therefore, during running, muscle action is required to stabilise the lateral TFJ 

compartment, while muscle stabilisation of the medial TFJ compartment is required 

during sidestepping. These results emphasise the importance of vastus medialis, vastus 

lateralis, medial gastrocnemius, and lateral gastrocnemius in stabilising the TFJ, and 

highlights the importance of recruitment of rectus femoris, vastus intermedius, vastus 

medialis, vastus lateralis, semimembranosus, medial gastrocnemius, and lateral 

gastrocnemius during vigorous sporting manoeuvres such as sidestepping. This has 

particular relevance to those undergoing ACL reconstruction, where substantial muscle 

volume losses have been reported for the semitendinosus, gracilis, and vastus medialis 

muscles (Konrath et al., 2016). These muscles provide critical TFJ stabilisation during 

the three tested tasks, especially sidestepping. Given the high risk of ACL re-rupture 

(Ahn et al., 2007) and the association between ACL rupture and sidestepping (Cochrane 

et al., 2007), if these muscles are weak and/or not-recruited, the risk of re-rupture would 

increase. 

There are a few limitations to this study. First, the anatomical model was personalised 

to each participant through linear scaling and MTU parameter optimisation but was not 

truly subject-specific. Musculoskeletal geometry influences modelled external joint and 

internal muscle moments, hence both absolute and relative contributions to TFJ contact 

loading. Additionally, the position of the medial and lateral TFJ contact points have 

previously been shown to affect TFJ contact load estimates (Gerus et al., 2013; Lerner 

et al., 2015), although we did scale the generic contact point positions based on the 

individual TFJ widths using a linear model built from imaging data (Saxby et al., 
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2016b; Winby et al., 2009). Second, the CEINMS model MTU parameters governing 

muscle force predictions, and subsequent TFJ contact load estimates, were taken from 

literature and calibrated within physiological bounds. Nonetheless, calibration is a 

functional procedure to ensure a very good fit between model and inverse dynamics 

joint moment calculations and may not necessarily result in accurate subject-specific 

MTU parameters. This may result in muscle forces which equilibrate the system; but are 

inaccurate. However, the multi DOF model used in this study has been shown to 

produce calibrations that generate physiological plausible MTU parameters and forces 

estimates (Sartori et al., 2012a). Furthermore, the CEINMS model TFJ contact load 

estimations have been verified using instrumented prosthetic data during walking 

(Gerus et al., 2013; Saxby et al., 2016b), although not for running and sidestepping. 

This is understandable, as implanted patients are discouraged from performing such 

vigorous tasks due to risks to the implant. However, model predictions have been 

consistent with previous literature (Fregly et al., 2012; Fregly et al., 2009), where 

comparisons were possible, with accurate predictions of joint moments (Lloyd and 

Besier, 2003), and TFJ contact loads (Gerus et al., 2013; Serrancoli et al., 2016; Walter 

et al., 2014; Wu et al., 2016). Finally, the assumptions of the TFJ contact model 

potentially affect the estimated joint contact loads and subsequently estimations of 

muscle contributions to TFJ loading. Specifically, neglecting the contributions of 

ligaments to TFJ loading may have increased the estimated magnitude of muscle 

loading. While this limitation is acknowledged, previous studies have shown that the 

contribution of muscles are much greater than ligaments during the stance phase of 

walking gait (Shelburne et al., 2006) nonetheless the reported magnitudes may have 

been overestimated. 

Our results indicate the magnitude of muscle’s relative contributions to medial and 

lateral TFJ contact loading are task-specific, although dominant muscles show 

similarities. Typically, the vastus medialis and vastus lateralis muscles dominate medial 

and lateral TFJ contact loading respectively during weight acceptance. Additionally, 

during mid-stance and push-off, the medial and lateral gastrocnemii were dominant to 

medial and lateral TFJ contact loading, respectively. When comparing walking and 

running, rectus femoris, vastus medialis, vastus lateralis, and vastus intermedius 

contributions to TFJ contact loading were typically higher during running while medial 

and lateral gastrocnemii contributions were higher in walking. When comparing running 

and sidestepping, selected muscle contributions to medial TFJ contact loading were 

higher in sidestepping while selected muscle contributions to lateral TFJ contact loading 
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were higher in running. This information may enable targeting of specific muscles to 

support the TFJ in vulnerable populations, such as those following orthopaedic 

procedures. Training and rehabilitation programs should focus on recruiting vastus 

medialis, vastus lateralis, medial gastrocnemius, and lateral gastrocnemius for 

locomotion tasks such as waking and straight line running. While additional focus 

should be placed on the medial musculature (i.e., vastus medialis, semimembranosus, 

semitendinosus, and medial gastrocnemius) during high-risk manoeuvres such as 

sidestepping. 

While these results provide valuable insight into the role of muscles in the loading and 

stabilisation of the TFJ, the methodological limitations of this research potentially 

influence the accuracy of the simulation estimates, as such, more complex methods are 

required to have confidence in these results. These limitations specifically relate to the 

use of linear scaled generic OpenSim models. There is a growing body of evidence 

which suggests that the inclusion of various levels of personalisation improve the 

accuracy of various musculoskeletal simulations. While there has been previous 

attempts to include varying levels of personalisation, to date there has been few 

comprehensive attempts to include a wide range of personalisation into a single 

OpenSim musculoskeletal model. This may be, in part, due to the ambiguous and 

varying definitions surrounding personalised or subject-specific models. To overcome 

this ambiguity, a clear and definitive definition of the various features of personalisation 

and their effect on neuromusculoskeletal simulations is warranted.  
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Chapter 4: What is a subject-specific 

model? 

 

This chapter will form part of an invited narrative review for Biomechanics and 

Modeling in Mechanobiology as: 

 

Killen, B.A., Pizzolato, C., Saxby, D.J., Diamond, L.E., Carty, C.P., Davico, G., 

Barzan, M., Brito da Luz, S., Suwarganda,E., Lloyd, D.G. Big data and machine 

learning to create physics-based personalised computational neuromusculoskeletal 

models, Biomechanics and Modeling in Mechanobiology.  
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Introduction 

The term “subject-specific” has been widely, and sometimes misguidedly, used in 

neuromusculoskeletal biomechanical modelling research to describe different levels and 

features of model personalisation (Bahl et al., 2019; Brito da Luz et al., 2017; Gerus et 

al., 2013; Kainz et al., 2017a; Marra et al., 2015b; Modenese et al., 2018; O'Connor et 

al., 2018; Wesseling et al., 2016a; Wesseling et al., 2016b). There are two broad aspects 

of subject-specific models. First is the “form” of the model, which has to emulate the 

anatomy, physiology, and biomechanics of the musculoskeletal system. Second is the 

model function that has to mimic, for example, the external and internal movements and 

loading. There are obvious overlaps between these two aspects, but typically the form of 

model is created first and then the model is executed to analyse neuromusculoskeletal 

function during various dynamic tasks, e.g., walking, running, climbing stairs. 

Regarding personalisation of model form, these can range from using “subject-specific” 

marker positions to scale generic models (O'Connor et al., 2018) to the complex 

incorporation of subject-specific bone geometry, joint anatomy, and joint function 

(Kainz et al., 2017a; Modenese et al., 2018; Wesseling et al., 2016a). Studies that 

include subject-specific features of the musculoskeletal system typically focus on the 

effect that this has on estimations of end-point variables (Table 6) (Gerus et al., 2013; 

Lerner et al., 2015; Marra et al., 2015b; Modenese et al., 2018; Wesseling et al., 2016a), 

and typically report increased simulation correctness (Gerus et al., 2013). Even, when 

simulation accuracy is not explicitly reported, it is assumed implicitly that the more 

personalised a model, the greater the physiological plausibility (Brito da Luz et al., 

2017; Hoang et al., 2019; Hoang et al., 2018) or relevance (Anderson et al., 2010b; 

Favre et al., 2016a; Favre et al., 2016b; Smith et al., 2006; Wellsandt et al., 2016). A 

drawback of these studies has been they typically include a single feature of 

personalisation, while neglecting other features (Gerus et al., 2015; Kainz et al., 2017b; 

Lerner et al., 2015), although interaction between different features has been examined 

on a few occasions (Gerus et al., 2013; Hoang et al., 2018; Navacchia et al., 2017). 

Consequently, it is difficult to understand the incremental effects of various 

personalisation step. 

A plethora of personalised features can be estimated or measured, and subsequently 

used in subject-specific neuromusculoskeletal models, although we have summarised 

these into 9 main features (Table 6 and Figure 18). These personalised features take 
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many forms, including specific parameter identification (e.g., muscle tendon 

parameters), mathematical relationships (e.g., functions defining complex joint 

kinematics), anatomical landmark locations (e.g., muscle tendon origin and insertion 

points), and three-dimensional (3D) geometry, external form, and internal structure of 

various musculoskeletal tissues. These features are relevant to rigid body modelling, 

finite element, and/or elastic foundation modelling. However, this thesis chapter will 

focus solely on musculoskeletal features that can be incorporated into rigid body 

musculoskeletal models including skeletal and segmental anatomy, 3D joint anatomy, 

joint mechanics, and muscle tendon unit (MTU) pathways. The focus on rigid body 

musculoskeletal models is due to their extensive use within neuromusculoskeletal 

biomechanics, facilitated by the wide use and development of the open-source software 

package, OpenSim (Delp et al., 2007; Delp et al., 1990). Although not discussed in this 

thesis, the outputs from these subject-specific rigid body models can be used to inform 

non-rigid models such as finite element or elastic foundation models by providing force 

boundary conditions (Besier et al., 2005; Fernandez et al., 2014; Fernandez et al., 2016; 

Lloyd et al., 2008; Navacchia et al., 2018). 

A common method used for model personalisation, is the use of linear scaling (Killen et 

al., 2018a; Konrath et al., 2017; Lenton et al., 2018; Saxby et al., 2016a; Saxby et al., 

2016b). This process uses motion capture to estimate underlying bone dimensions and 

subsequently scales a generic OpenSim model to approximate the estimated 

anthropometric measurements of each individual. As detailed previously (Chapter 2), 

this linear scaling process also scales both joint, and MTU parameters. Although 

providing personalised parameter estimations, many parameters, particularly internal 

MTU parameters (e.g., tendon slack length and optimal fibre length) require further 

tuning to produce physiologically feasible results (Modenese et al., 2016; Winby et al., 

2008). This tuning process is often coupled with further functional calibration (Falisse 

et al., 2017; Garner and Pandy, 2003; Hatze, 1981; Konrath et al., 2017; Lloyd and 

Besier, 2003; Manal and Buchanan, 2013; Pizzolato et al., 2015; Saxby et al., 2016a) 

whereby initial estimates are calibrated within physiological bounds to minimise a 

prescribed objective function. These tuning and calibration processes are necessary not 

only to produce physiologically feasible parameters, but often produce more accurate 

estimates of end point variables such as joint moments  (Lloyd and Besier, 2003) and 

joint contact loads (Gerus et al., 2013; Serrancoli et al., 2016; Walter et al., 2014; Wu et 

al., 2016). While the linear scaling process presents a convenient solution, the models 
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produced from these methods are unlikely to represent each individual’s 

musculoskeletal form (Kainz et al., 2017a). These models also present with a number of 

limitations (Chapter 2), and as such these methods are inappropriate for the creation of 

subject-specific neuromusculoskeletal models. 

This thesis chapter will describe several features of subject-specific models, give a brief 

explanation of how each of these features can be incorporated, provide a review of 

current literature relating to the creation of subject-specific models, and finally describe 

a proposed framework for the development of subject-specific musculoskeletal models 

which address limitations of previous methods.  



119 

 

Table 6: Studies which have investigated the 9 personalisation features. Note that this 

thesis chapter will focus on the features highlighted in bold text.  

Personalisation feature Examples of previous research showing 

importance of personalised features 

Segmental and skeletal 3D 

anatomy 

(Bahl et al., 2019; Kainz et al., 2017a; Lenaerts et al., 

2009; Lenhart et al., 2017; Lerner et al., 2015; Marra 

et al., 2015b; Meireles et al., 2017; Wesseling et al., 

2016a)  

Joint 3D anatomy 
(Gerus et al., 2013; Kainz et al., 2017a; Marra et al., 

2015b; Martelli et al., 2015) 

Muscle tendon 3D anatomy 
(De Pieri et al., 2018; Gerus et al., 2013; Konrath et 

al., 2016; Marra et al., 2015b) 

Muscle tendon and skeletal 

material properties 

(Lenhart et al., 2017; Lerner et al., 2015; Lloyd and 

Buchanan, 1996; Meireles et al., 2017; Mononen et 

al., 2011; Shim et al., 2018; Smith et al., 2016a; 

Venalainen et al., 2014)  

Muscle tendon pathways 

(Bosmans et al., 2015; De Pieri et al., 2018; Gerus et 

al., 2013; Lenhart et al., 2017; Lerner et al., 2015; 

Marra et al., 2015b; Meireles et al., 2017; Scheys et 

al., 2008; Wesseling et al., 2016a)  

Muscle tendon physiological 

properties 

(Besier et al., 2003a; Garner and Pandy, 2003; Gerus 

et al., 2013; Hatze, 1981; Walter et al., 2014; Wu et 

al., 2016)  

Joint mechanics 
(Gerus et al., 2013; Marouane et al., 2017; Marra et 

al., 2015b; Navacchia et al., 2017) 

Movement and External 

Loading 

(Baliunas et al., 2002; Chehab et al., 2014; Favre et 

al., 2016a; Favre et al., 2016b; Lee et al., 2013; 

Smith et al., 2006; Titchenal et al., 2018; Uhlrich et 

al., 2018) 

Muscle activation patterns 

(Buchanan and Lloyd, 1995; De Serres and Milner, 

1991; Demers et al., 2014; Pizzolato et al., 2015; Tax 

et al., 1990; Tax et al., 1989; Titchenal et al., 2018; 

Walter et al., 2014; Winby et al., 2009)  
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Figure 18: Schematic representation of each of the 9 features of personalisation which are possible within neuromusculoskeletal models. 

Note that this thesis chapter will focus on the features highlighted in bold text. 
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Subject-specific data collection 

Various data are required to determine and estimate subject-specific features of 

musculoskeletal models. These data can originate from a number of different sources 

including laboratory based motion capture and strength testing (Andriacchi et al., 2009; 

Astephen et al., 2008; Dempsey et al., 2009; Knoll et al., 2004; Lee et al., 2013), 

literature or cadaveric data (Lloyd and Besier, 2003; Pizzolato et al., 2015; Sartori et al., 

2014; Sartori et al., 2012a), and/or medical imaging (Bahl et al., 2019; Marra et al., 

2015b; Modenese et al., 2018; Wesseling et al., 2016a; Zhang et al., 1999; Zhang et al., 

2015).  

Motion capture data is routinely used to capture subject and task-specific whole-body 

motion, segmental motion, ground reaction forces, and, when coupled with 

electromyography (EMG), muscle activation patterns. These data are routinely used in 

musculoskeletal modelling software to estimate whole-body and segmental motion, 

joint kinematics, and joint kinetics (i.e., generalised forces and moments), and to 

perform muscle driven simulations to estimate joint contact loading (Hoang et al., 2018; 

Killen et al., 2018a; Pizzolato et al., 2015; Saxby et al., 2016b; Trepczynski et al., 2018; 

Wellsandt et al., 2016). 

In cases where personalised musculoskeletal features cannot feasibly be measured in-

vivo, they are typically assumed from prior literature on live humans or cadaveric 

studies. For example, musculoskeletal features that are often taken from literature may 

include multi-planar joint kinematics (Ali et al., 2016; Brito da Luz et al., 2017; 

Gasparutto et al., 2015; Harris et al., 2016; Sancisi et al., 2014; Sancisi et al., 2011; 

Smale et al., 2019) or muscle tendon physiological properties, such as tendon slack and 

optimal fibre lengths (Ackland et al., 2012; Delp et al., 2007; Konrath et al., 2017; 

McGowan et al., 2010; Saxby et al., 2016a; Trepczynski et al., 2018). As muscle tendon 

physiological properties are infeasible to collect for many muscles and for some 

muscles it is unclear how they can be measured through non-invasive experiments. 

Despite being taken from literature, and therefore not measures for the individual being 

modelled, these features are subsequently personalised within established computational 

frameworks.  

The final, and likely most powerful, data source from which musculoskeletal model 

features can be personalised is medical imaging (e.g., 3D geometry), which will be 

examined in more detail.  
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Personalisation using medical imaging 

Personalisation of many features within musculoskeletal models is reliant on, and 

facilitated by, medical imaging (Zhang and Besier, 2017). Medical imaging data may be 

acquired through different imaging modes, such as X-ray computer tomography (CT), 

magnetic resonance imaging (MRI), or less commonly, ultrasound (US) imaging. Each 

of these imaging modes have their own strengths and weaknesses, and will be outlined 

below. 

The X-ray CT has the advantage of distinct and repeatable greyscale differences 

between bone and surrounding musculoskeletal tissue (e.g., muscle and fat). This 

enables algorithms to identify hard and soft tissue without the need for a human 

operator. Practically, this results in rapid, automated segmentation of the skeletal system 

(Klinder et al., 2009). However, there are two major drawbacks to X-ray CT, first, 

exposure to ionising radiation, and, second, poor ability to delineate the different soft 

tissues in the body. Exposure to ionising radiation means that many vulnerable 

populations (e.g., pregnant women, those with specific pathologies, children, etc.) 

cannot be imaged ethically for biomechanics studies, greatly limiting the use of this 

imaging mode for many studies. Poor delineation of soft tissues means that X-ray CT 

cannot be used to segment specific musculoskeletal tissues, such as individual muscles, 

cartilages, and ligaments, which are critical tissues to include in many biomechanical 

models. 

To overcome the limitations of X-ray CT, specially developed MRI sequences and 

image post processing software enables researchers to accurately acquire 3D 

morphological data of key musculoskeletal structures (Figure 19). In addition to the 

ability to image specific musculoskeletal structures, the MRI modality does not generate 

ionising radiation, making it suitable for a larger range of populations (Zhang and 

Besier, 2017). The drawback of being able to image these different musculoskeletal 

tissues, is unlike CT, tissues imaged using MRI do not have standardised greyscale 

values, instead varying between subjects, sequences, and MRI scanners. Therefore, 

segmentation is a combination of manual and semi-manual processes which adds to the 

time burden of these methods. Despite this, machine learning techniques are showing 

promise in automating MRI segmentation alleviating some of the time burdens 

associated with MRI segmentation (Kemnitz et al., 2017). Although MRI allows for the 

acquisition of highly detailed imaging, the costs associated with data acquisition can be 
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upwards of AUD$1000 per hour. In addition, due to the magnetic fields generated, 

individuals with metal or other ferrous components (such as individuals with joint 

replacements) cannot undergo MRI and therefore X-ray CT is a necessary limitation.  

A relatively new, as well as potentially time and cost effective, alternative to both X-ray 

CT and MRI is 3D free-hand US (Barratt et al., 2008; Hansen et al., 2017; Nuri et al., 

2018; Obst et al., 2014; Torres et al., 2012). This method combines traditional 2D 

ultrasound with motion capture technology to produce 3D representations of scanned 

tissues. Motion capture markers are placed on the US probe as well as the subject to 

position each 2D image slice in 3D space. The tracking of the probe allows each of the 

2D image slices to be stacked on top of each other to produce a 3D stack of images 

similar to MRI. These images can then be segmented using open-source software 

(Cenni et al., 2016; Treece et al., 2003) to produce 3D reconstructions of the desired 

tissue. This method has the added advantage of providing a higher resolution compared 

to both CT and MRI. Despite this, 3D free-hand US has been applied mainly to the 

triceps surae muscles (i.e., gastrocnemii and soleus), with its validity for studying other 

lower limb muscles or its use to inform musculoskeletal models (Fox et al., 2018; Gerus 

et al., 2015; Sartori et al., 2017) not well established. Additionally, similar to MRI, US 

imaging results in inconsistent and to some degree, non-repeatable grey scale values.  

 

Figure 19: Examples of different MRI sequences of the same subjects which can be 

used to highlight different anatomical structures. Different sequences can be used to 

highlight (A) muscle boundaries, (B) bone, (C) muscle and (D) fat borders and tendons. 
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Regardless of the imaging modality, once images have been acquired, they can be 

segmented to create 3D digital renderings of musculoskeletal tissues. Depending on the 

modality used, a number of different tissues can be segmented including skeletal (bone) 

and segmental (soft tissue) anatomy, articular cartilages, ligaments, menisci, muscles, 

and tendons. In addition to providing accurate visual representations of each of these 

tissues, 3D representations can be used to personalise a number of features in 

musculoskeletal models. The first personalised feature to be discussed, which uses 3D 

representations generated from images, is skeletal and segmental anatomy. 

Skeletal and segmental anatomy 

Three-dimensional representations of the skeletal system, aside from providing a 

visually more accurate model, can be used to generate personalised model features that 

have been previously shown to affect outcomes of gait simulations. These features 

include skeletal alignment (Lerner et al., 2015), articular contact geometry (Lerner et 

al., 2015), and joint geometry (Gerus et al., 2013), each of which have been shown to 

influence a range of important outcome variables (e.g., joint moments and contact 

loading) within gait analysis. Importantly, all these model features can be personalised 

using the skeletal geometry obtained from the aforementioned imaging modes. 

Segmentations of segmental (e.g., thigh, shank, etc.) anatomy enable accurate estimates 

of segment mass, as well as inertial properties (i.e., centre of mass and moments of 

inertia) (Cheng et al., 2000; Dumas et al., 2005). Mass and inertial properties can be 

calculated with knowledge of the total volume of each segment (e.g., thigh) and each 

tissue’s (e.g., bone, muscle, and fat) contribution to this overall volume. Then, by 

assigning densities to each tissue based on literature values (Cheng et al., 2000; Dumas 

et al., 2005), the mass of each segment can be calculated. With knowledge of segment 

mass and geometry, the inertial parameters of each segment can then be determined 

using established methods (Dumas et al., 2005; Pearsall et al., 1994). Indeed, 

personalised mass and inertial features may vary dramatically from generic model 

values (Reinbolt et al., 2007), however, previous research has shown that joint moment 

estimates are insensitive to large perturbations in the model mass and inertial parameters 

(Reinbolt et al., 2007). Additionally, it was concluded features relating to joint anatomy 

are far more important for accurate joint moment estimates  (Reinbolt et al., 2007). 
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Joints 

As with skeletal and segmental anatomy, personalised joint features can be derived from 

medical imaging. Segmentation of skeletal anatomy can be used to identify a number of 

bone anatomical landmarks which can be used to define both local body and joint 

coordinate frames. Local body and joint coordinate frames can be used to accurately 

estimate both joint position, and orientation which have previously been shown to affect 

joint moment estimates (Reinbolt et al., 2007). Along with skeletal and segmental 

anatomy, the development of high-fidelity specialised MRI sequences has enabled 

highly detailed imaging of joint anatomy. These scans can be used to segment not only 

bones, but also articular cartilage surfaces, ligaments, and other joint structures such as 

the menisci (Figure 20), again providing a more visually accurate model. Hand in hand 

with accurate representations of joint anatomy, are the definition of accurate joint 

kinematics. 

Accurate estimations of primary joint kinematics (flexion/extension) can be readily 

achieved using traditional motion capture systems. However, smaller secondary 

(abduction/adduction and internal/external rotations) and tertiary (three orthogonal 

translations) kinematics cannot be confidently measured using these generic methods 

for a number of joints (Benoit et al., 2006). With respect to the lower limb joints, 

secondary and tertiary joint kinematics including the kinematics of the patella, 

tibiofemoral translations, tibiofemoral abduction/adduction and internal/external 

rotations, subtalar abduction/adduction and inversion/eversion, and talocrural 

kinematics cannot be accurately measured through traditional motion capture methods. 

As this thesis focusses on the tibiofemoral joint (TFJ), this joint will dominate 

discussions in subsequent sections. 

In light of the limitations of traditional motion capture, two approaches are typically 

adopted. The first, is to simply neglect the secondary and tertiary joint kinematics 

entirely, simplifying the kinematic solution to single rotation (e.g., flexion/extension). 

The second, and most common, is to use generic joint functions derived from cadaveric 

specimens (Walker et al., 1988; Yamaguchi and Zajac, 1989). These generic joint 

functions, typically represented as splines, define a specified DOF as a function of a 

measurable joint degree of freedom (DOF) (e.g., TFJ flexion/extension). Although these 

two options provide convenient and popular solutions, the resulting joint kinematics are 

unlikely to reflect true in-vivo kinematics, nor do they well represent inter-subject 

variability in joint kinematics. Additionally, generic joint splines are unlikely to be 
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suitable with subject-specific joint (bone and cartilage) geometry, as the spline 

behaviour is not updated simply by adding subject-specific bone geometry. 

Consequently, it is possible the combination of generic splines with subject-specific 

bones will result in cartilage-cartilage or cartilage-bone penetration. To overcome the 

limitations of these generic solutions, the same segmentations that are used to 

personalise joint geometries can be used to provide more accurate estimates of the 6 

DOF TFJ kinematics (Arnold et al., 2000; Brito da Luz et al., 2017; Dzialo et al., 2018; 

Kainz et al., 2017a). 

 

Figure 20: Example of a 3D reconstruction created by the author through manual 

segmentation from MRI of the tibiofemoral joint with detailed segmentations of the 

bones (cream), cartilage (green), ligaments (red), and menisci (orange). 

There are a number of different solutions which can be used to estimate secondary and 

tertiary kinematics of the lower limb joints. With respect to the TFJ, solutions based on 

subject-specific anatomy include scaled generic splines (Arnold et al., 2000), fixed 

hinge axes (Kainz et al., 2017a; Modenese et al., 2018), moving hinge axes (Dzialo et 

al., 2018), and closed chain linkage mechanisms (Brito da Luz et al., 2017; Smale et al., 

2019). 
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The first and simplest method (Arnold et al., 2000) scales  a set of generic TFJ splines 

that were developed from cadaveric data (Walker et al., 1988). Generic splines are 

scaled to ensure the contact points between femur and tibia bone segmentations closely 

approximate previously report data (Nisell et al., 1986). Within this solution, each DOF 

is scaled independently with different scale factors used at each TFJ angle. Another 

relatively simple solution (Kainz et al., 2017a) is to use anatomical landmarks identified 

on subject-specific bone segmentations to define a TFJ hinge axis. The tibia then rotates 

about the fixed hinge axis throughout TFJ range of motion. This hinge is typically tilted, 

producing complex motion that would be computed as multi-planar rotations through an 

orthogonal or joint coordinate system. A potential improvement to this fixed hinge axis, 

is the use of a moving hinge axis. In this method, joint images are obtained during quasi 

static lunge trials acquired within a bi-planar X-ray machine (EOS Imaging, Paris, 

France). Images are acquired at two different TFJ angles (0º and 90º) and joint positions 

at each of these angles are then determined via manual image segmentation. The TFJ 

axes are then defined at each angle, and are assumed to move linearly between 0º and 

90º. Secondary and tertiary TFJ kinematics are then defined using this moving hinge 

axis, which the child body (tibia) follows. This solution, although validated for the 

specific task of lunging, requires the acquisition of another form of imaging which is 

not commonly collected or accessible. All methods discussed thus far, do not consider 

independent patellofemoral joint (PFJ) kinematics. This is relevant, as the patella is 

inherently linked to TFJ kinematics via the patella tendon and femoral intercondylar 

groove. Previous solutions that included a PFJ typically fixed the position of the patella 

with respect to the tibia (i.e., assume isometric patellar tendon length) (Delp et al., 

2007) or feature generic joint splines (Arnold et al., 2010). Another solution, proposed 

based solely on joint anatomy that accounts for both TFJ and PFJ kinematics is the use 

of rigid body closed chain linkage mechanisms (Brito da Luz et al., 2017; Gasparutto et 

al., 2015; Sancisi and Parenti-Castelli, 2011). 

Closed chain linkage mechanisms, specifically parallel bar TFJ mechanisms, were 

initially described for cadaveric specimens (Di Gregorio and Parenti-Castelli, 2003; 

Feikes et al., 2003; Ottoboni et al., 2010; Parenti-Castelli and Di Gregorio, 2000; 

Wilson and O'Connor, 1997). Recent work (Brito da Luz et al., 2017; Smale et al., 

2019)  applied these mechanisms to an in vivo subject-specific application using MRI as 

the data source. The implementation by Brito da Luz et al. (2017)  uses 4 spheres fit to 

the medial and lateral tibial and femoral condyles (although other closed chain linkages 
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may contain different constructs (Parenti-Castelli and Di Gregorio, 2000)), which slide 

and roll during TFJ flexion. The dimensions of these spheres are determined by fitting 

spheres (in a least squared sense) to segmented MRI data. Sphere motions are 

constrained via three isometric ligaments, whose attachments are defined using manual 

segmentation, and two rigid links between tibial and femoral sphere centres. In addition 

to the kinematics of TFJ, similar methods can be applied to estimate PFJ kinematics 

(Brito da Luz et al., 2017; Sancisi and Parenti-Castelli, 2011). The PFJ mechanism is 

constrained by a single rigid link representative of the patellar tendon. The patella 

rotates about a hinge defined using the centres of two spheres fit to the medial and 

lateral articulating surfaces of the PFJ, and a second rigid link to ensure it tracks the 

centre of the femoral groove (Brito da Luz et al., 2017). As both TFJ and PFJ 

mechanisms are constrained by rigid ligament links (Brito da Luz et al., 2017; Sancisi 

and Parenti-Castelli, 2011; Sancisi et al., 2011), or by minimally extensible ligaments 

(Gasparutto et al., 2015), they are numerically stiff and if there is error in the 

segmentation or identification of relevant anatomical structures, the closure equations 

may not be solvable. Consequently, these mechanisms require extensive tuning and 

optimisation of parameters to ensure the system constraints are respected and that the 

resulting mechanisms produce kinematics that well correlate with previous cadaveric 

literature. This optimisation process also ensures the solutions derived from these 

models are physiological. Together these mechanisms can be used to define both TFJ 

and PFJ splines which prescribe secondary and tertiary kinematics of the TFJ and 6 

DOFs for the PFJ, all as a function of TFJ flexion/extension.  

Along with the above discussed methods, which can be collectively referred to as rigid 

body solutions, other non-rigid methods have been developed. These methods include 

deformable elements, now called elastic foundation (EF) contact models (Abraham et 

al., 2013; Anderson et al., 2010b; Guess et al., 2014; Haraguchi et al., 2009; Hast and 

Piazza, 2013; Lenhart et al., 2015; Marra et al., 2017; Marra et al., 2015a; Smith et al., 

2016b; Thelen et al., 2014). Similar to rigid body models, the kinematics of these 

models is largely reliant on accurate representations of the joint morphometry. Unlike 

rigid body models, these EF models contain representations of both ligament and 

cartilage surfaces that deform under load and throughout the joint’s range of motion. 

The deformation of these cartilage surfaces allows for the estimation of small load-

dependent secondary kinematics, which cannot be accounted for within rigid body 

contact models. The kinematics of these models are constrained by the ligament 
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surfaces and their material properties. Similar to the rigid body models, subject-specific 

joint geometries (i.e.., bone, ligament, and cartilage) can be used to personalise of EF 

models. In addition, the mechanical properties of anatomical structures (e.g., stiffness) 

of both the cartilage and ligament surfaces can be personalised. However, these values, 

are difficult to accurately and non-invasively measure in-vivo and are therefore typically 

taken from literature or personalised based on medical imaging or optimisation routines. 

Although these EF models provide a more physiological representation of the joint and 

its deformable structure, contact between cartilage surfaces is modelled as purely elastic 

when in reality the behaviour of these surfaces is time-dependant and anisometric.  

To account for these complex behaviours (e.g., viscoelasticity and anisotropy), finite 

element models (Adouni et al., 2012; Anderson et al., 2008; Anderson et al., 2010a; 

Chen et al., 2001; Halonen et al., 2017; Harris et al., 2011; Kiapour et al., 2014; 

Mootanah et al., 2014; Phillips et al., 2006; Qian et al., 2013; Reggiani et al., 2006),  

can be implemented. Similar to EF models, these models can represent cartilage and 

ligament deformations through the joints range of motion, and provide estimates of 

small load-dependant secondary kinematics which cannot be estimated using purely 

rigid body models. Similar to EF models both anatomical representations and 

mechanical properties can be personalised in FE models, although, many more elaborate 

mechanical properties are required compared to both rigid body and EF models. These 

more complex mechanical properties allow FE models to represent the nonlinear 

properties of cartilage and ligament deformation. These mechanical properties are, 

again, difficult to measure in-vivo and non-invasively and often taken from in-vitro 

mechanical testing experiments. Although these more complex models provide more 

accurate representations of the joint and likely more accurate estimation of joint 

kinematics, they are computationally expensive, currently manually built and time 

consuming to execute. Additionally, the use of these models, particularly FE models 

often require expert knowledge to use effectively and accurately.  

Although accurate estimations of 6 DOF joint kinematics are clearly important for 

accurate estimates joint kinematics, they also significantly affect joint moment 

estimations (Marouane et al., 2017) as well as MTU lengths and moment arms 

(Navacchia et al., 2017) herein referred to as MTU kinematics. 
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Muscle tendon unit 

The MTU kinematics, as defined within OpenSim models (Arnold et al., 2010; Delp et 

al., 2007; Rajagopal et al., 2016) are sensitive to the MTU pathway (Sherman et al., 

2013). In OpenSim, the path of each MTU is defined between fixed origin and insertion 

points, representing the average point of an attachment region (Delp et al., 1990; 

Rajagopal et al., 2016). In addition to these fixed origin and insertion points, the MTU 

pathway can be further defined using additional path points (referred to as via points) or 

wrapping surfaces (NCSRR, 2016). 

Three types of via points are available in OpenSim: fixed, conditional, and moving 

(NCSRR, 2016). Fixed via points, as the name suggests, position are fixed within the 

local coordinate frame of a reference body (e.g., femur) and therefore moves with that 

body. Conditional via points are similar to fixed via points in that their position is fixed 

within a reference local coordinate frame. However, only become active at a pre-defined 

point in a joint’s range of motion. Moving via points are again defined relative to a 

reference body; however their position is defined using a spline function coupled to a 

motion coordinate (e.g., TFJ flexion/extension). While via points provide a relatively 

simple set of solutions to define MTU pathways, a number of problems often occur with 

these via points. The placement and subsequent “tweaking” of via points is both 

subjective and time consuming to obtain MTU lengths and moments arms which well 

represent data from cadaveric studies. These problems relate to the fact the via points in 

generic OpenSim models were positioned subjectively rather than representing any 

underlying anatomical landmarks or feature (Delp et al., 2007; Delp et al., 1990). 

Therefore via points cannot easily be replicated in subject-specific models, an 

alternative to these via points which may overcome the previously mentioned 

limitations are wrapping surfaces.  

OpenSim allows users to define a number of analytical shapes which the MTU can 

smoothly wrap over during joint motion. When the MTU pathway intersects the region 

occupied by a wrapping surface, the MTU wraps over this surface, following the 

shortest path (Sherman et al., 2013). OpenSim offers 4 types of wrapping surfaces: 

spheres, cylinders, ellipsoids, and tori. Each of these wrapping surface shapes have 

different geometrical properties, as well as advantages and disadvantages (Table 7). 

Recent generic OpenSim models (Arnold et al., 2010; Rajagopal et al., 2016) have 

favoured wrapping surfaces over via points due to their ability to typically produce 

smoother MTU kinematics. Although implementing MTU via points and wrapping 
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surfaces into a model is relatively simple, it is difficult to specify precise parameters 

which define via points and wrapping surfaces. Inappropriate placement or definitions 

of these via points and/or wrapping surfaces often results in poorly defined MTU 

pathways which create discontinuities (non-smooth) in MTU kinematics (Chapter 5; 

Figure 37). Detailed explanations and examples are detailed in subsequent sections of 

this thesis (Chapter 5). Along with external MTU pathways, a number of internal 

muscle parameter can be personalised. 

Similar to bone and segmental segmentations, segmentation of muscles and tendons can 

also be performed from MRI (Konrath et al., 2017; Konrath et al., 2016) and US 

(Barber et al., 2009; Hansen et al., 2017; Nuri et al., 2017, 2018; Obst et al., 2014). 

Muscle segmentations can be used to estimate each muscle’s volume and subsequently 

maximal isometric force (Fox et al., 2018; Handsfield et al., 2014). Tendon 

segmentations permit tendon lengths and volumes to be estimated at different lengths 

and loading conditions (Fox et al., 2018; Gerus et al., 2015; Sartori et al., 2017). 

Nevertheless, there are internal MTU parameters, which cannot be easily measured in-

vivo, including the optimal fibre length, tendon slack length, and pennation angle. With 

respect to pennation angle, for each MTU a value from previous reports is typically 

adopted (Arnold et al., 2010; Delp et al., 2007; Rajagopal et al., 2016). Other 

parameters such as optimal fibre and tendon slack lengths are often taken from literature 

data and sometimes typical of patient population (Fox et al., 2018; Konrath et al., 2017; 

Saxby et al., 2016a) and calibrated  within physiological bounds (Pizzolato et al., 2015; 

Sartori et al., 2012a). Other approaches for estimating these internal MTU parameters 

include the optimisation techniques which use isometric and isokinetic dynamometry 

(Carbone, 2016; Heinen et al., 2019). These methods attempt to match strength profiles 

from acquire dynamometry and model prediction by optimising the internal MTU 

parameters discussed above. 

Internal and external MTU parameters concludes the list of parameters which can be 

personalised within subject-specific rigid body musculoskeletal OpenSim models. The 

following sections will address previous modelling frameworks for the development of 

subject-specific musculoskeletal models.  
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Table 7. List of analytical shapes for use as MTU wrapping surfaces in OpenSim 

detailing the various properties, advantages and disadvantages of each surface. 

Shape  Properties Advantages Disadvantages 

Sphere 

Radius 

Translation 

Easy to implement and 

define properties 

Muscles can easily “slip” 

off the edge of the surface 

Cylinder 

Radius 

Length 

Translation 

Quadrant* 

Orientation** 

Circumvent the problem 

associated with spheres 

were muscles can  “slip” 

off the edge 

Difficult to prevent muscle 

sliding along the 

longitudinal axis of the 

cylinder 

Ellipsoid 

Translation 

Quadrant * 

Orientation** 

Dimensions # 

Allow for a more complex 

wrapping surface which 

may represent anatomical 

structures more 

appropriately  

Muscles can easily “slip” 

off the edge of the surface 

Torus 

Translation 

Quadrant* 

Inner Radius 

Outer Radius 

Allow for a highly 

constrained wrapping 

scenario  

Hard to position 

automatically. MTU can 

easily slide around the 

inner radius. 

* Quadrant refers to the plane  which a MTU is permitted to wrap (x, y, or all) 

** Orientation is referred to as xyz_body_rotation in OpenSim 

# Dimensions include three components, x, y, and z and represent radii of the ellipsoid 
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Current methods of creating subject-specific 

models 

Few studies have included subject-specific bone anatomy, 6 DOF joint kinematics, and 

personalised MTU anatomy (i.e., pathways) in a single OpenSim model. A number of 

studies have used subject-specific anatomy derived from medical imaging with generic 

joint models (Wesseling et al., 2016b), and others have used subject-specific joint 

kinematics (Brito da Luz et al., 2017; Dzialo et al., 2018; Kainz et al., 2017a). Few 

studies have considered the use of subject-specific models in muscle driven simulations. 

These studies have used two distinct methods for building their subject-specific models, 

the first originating from Insigneo Institute for in silico Medicine (University of 

Sheffield, Sheffield, United Kingdom), and the second from KU Leuven (Leuven, 

Belgium). 

The first study (Modenese et al., 2018) to be considered in this thesis chapter was 

applied to investigate the dependency of joint contact force on muscle tendon 

parameters. These researchers used subject-specific bone geometries derived from an 

automated atlas based segmentation method. These bone geometries, along with 

manually identified landmarks were used within NMS Builder (Valente et al., 2017) to 

build an OpenSim model. Further customisation of the tibiofemoral, talocrural, and 

subtalar joints was performed by fitting cylinders to appropriate bone anatomy to define 

subject-specific hinge axes for these joints. The MTU pathways were defined using an 

atlas based process based on the generic gait2392 model. The MTU path points (origin, 

insertion and via points) were defined on their relevant body along with a number of 

anatomical landmarks identified on each subject-specific and generic bone. An affine 

transformation was then applied, to register the MTU path points from the generic 

gait2392 model bone to each of the subject-specific bones. Manual adjustments of the 

MTU path points were then performed based on anatomical textbooks. 

The second study (Scheys et al., 2006) considered is a detailed methods paper for the 

creation of image-based musculoskeletal models for personalised biomechanical 

analysis of gait. The methods presented in this paper have been subsequently used in a 

number of studies (Wesseling et al., 2016a; Wesseling et al., 2016b). These studies used 

bone geometries from different sources, including automated segmentation of both MRI 

and CT imaging and manual MRI segmentation. Initial subject-specific model creation 

utilised full bone segmentations, and were created using in-house developed software 
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(Scheys et al., 2006). Unlike (Modenese et al., 2018), this study used simplified joint 

models consistent with the generic gait2392 model with joint positions personalised 

from manually identified landmarks. The MTU path points were again defined semi-

manually using an atlas based method (Figure 21). The MTU origin and insertion points 

were identified on a single subject’s MRI. These MRI images (along with the MTU path 

points) are then non-rigidly registered to a subjects’ MRI images. Subject-specific MRI, 

bone segmentations, and registered MTU path points are then overlayed to produce 

initial estimations of MTU path points. Manual interventions are again required to 

adjust MTU path points. More recent studies using this framework have added 

wrapping cylinders at the femoral head to prevent bone penetration. 

 

Figure 21: Image adapted from Scheys et al. (2006) illustrating the MTU path point 

definiton method where (A) pelvis, (B) intramuscular fat, (D) initial insertion, and (C) 

origin of the gluteus minimus. (Right) an overlay of MRI slices and bone segmentation 

where numbers represent MTU path points. 

While both studies (Modenese et al., 2018; Scheys et al., 2006) provide frameworks for 

the development of subject-specific models, a number of shortcomings remain. First and 

foremost, the manual nature of anatomical landmark identification is not only time 

consuming, but also subject to identification error and repeatability issues (Erdemir et 

al., 2016). Second, the joint models used in these frameworks are often over simplified 

and may not accurately represent secondary and tertiary joint kinematics. The third 

limitation is related to the definition of MTU pathways and subsequently, MTU 

kinematics. Although both studies detailed how the MTU pathways were defined, 

neither study provide detailed validation of the resulting MTU kinematics. Finally in 

one study (Scheys et al., 2008),  it was noted some MTUs exhibited the opposite torque 
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functions (i.e., positive to negative torque) during the gait cycle. Despite the lack of 

validation of the MTU kinematics, these models were used in muscle-driven 

simulations, and consequently there may be errors in end point estimates. 

The final shortcoming of previous studies (Modenese et al., 2018; Scheys et al., 2006; 

Wesseling et al., 2016a) is their reliance on complete bone segmentations. Full 

segmentation of all lower limb bones is not only time consuming, but also the 

acquisition of these images is very costly, particularly if MRI is used. Additionally the 

required imaging facilities are not accessible to many research teams so the data is not 

routinely acquired as part of standard biomechanical data collection. As an alternative, 

population or “big data” methods can be used along with statistical shape modelling 

methods to derive full bone reconstructions from incomplete imaging data. A number of 

studies have investigated the ability of statistical shape models to reconstruct complete 

subject-specific bone geometries from incomplete data (Suwarganda et al., 2019; Zhang 

and Besier, 2017). Other studies, in addition to reconstructing bone anatomy, have 

reconstructed the MTU origin and insertion points and anatomical landmarks using 

statistical shape modelling frameworks (Bahl et al., 2019; Nolte et al., 2016; Zhang et 

al., 2015). These mathematical methods enable accurate reconstruction of bone 

geometry with minimal imaging requirements, which eventually translates to faster and 

cheaper assembly of personalised musculoskeletal models. Three of these studies (Bahl 

et al., 2019; Suwarganda et al., 2019; Zhang and Besier, 2017) have used the free and 

open-source framework, Musculoskeletal Atlas Project (MAP) Client (Zhang et al., 

2014). In addition to accurately reconstructing full bone anatomy, the reconstructions 

from this framework can be used to generate subject-specific OpenSim models. 

Moreover, the OpenSim models from the MAP Client framework are generated using 

an automated process, further reducing the human error involved in the manual creation 

of models and decreasing processing times. 

Despite a number of previous studies including various personalised features within 

their subject-specific OpenSim models, a number of limitations within these models 

remain. First and foremost, a majority of studies have included only a limited number of 

personalised features. Second, of those studies which have included subject-specific 

bone geometry, joint models, and MTU pathways, they lacked robust validation. Most 

importantly, MTU kinematics and pathways are rarely reported. Given the importance 

MTU kinematics have on a number of important end point estimations (e.g., muscle 

forces and torques, and joint contact loads), uncertainty remains with respect to the 
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repeatability and validity of the developed methods. Given the uncertainty in the 

developed methods, a number of improvements to previously developed frameworks is 

warranted. 

Proposed improvements and considerations 

Several shortcomings and limitations of previous literature have been identified in this 

chapter. A large amount of time is required to not only collect the appropriate data (e.g., 

medical imaging), but the building of these models is hampered by highly manual 

workflows (Valente et al., 2017) or semi-automated workflows which require subjective 

manual interventions (Modenese et al., 2018; Scheys et al., 2006). The highly manual 

nature of model creation also creates variability within the developed model depending 

on the user’s knowledge and expertise, as well as how inherently repeatable the 

workflow steps are. Due to this manual approach to model creation, the models are 

essentially bespoke creations, which may be acceptable for technical academic 

literature. However, these models come with the promise to assist and inform medical 

procedures, develop biomedical devices, and solve clinical problems. If this is to be 

realised, model creation steps require robust vetting and documentation, if only to meet 

regulatory requirements let alone be useful. The previously introduced MAP Client, 

provides an apt solution to many of these problems by providing a highly automated 

framework for model development, eliminating user subjectivity and limiting time 

demands. Additionally, the ability of the MAP Client to reconstruct entire bone 

geometries from sparse imaging, eases the burden of expensive medical imaging 

acquisition. The MAP Client also provides a convenient framework to address other 

shortcomings, because it is free and open-source, anyone can inspect the algorithms for 

their integrity and bench-mark their performance against publicly available curated data 

sets. Moreover, the design of the MAP Client allows users to define plugins, written in 

Python (Python Software Foundation. Python Language Reference, version 2.7. 

Available at http://www.python.org), which use methods from libraries and modules, 

and automatically generate solutions (Arnold et al., 2000; Kainz et al., 2017a). Other 

more complex personalisation steps (Brito da Luz et al., 2017; Dzialo et al., 2018) 

require additional imaging modalities, but can also be incorporated into the MAP Client 

by modifying the plugin structure. While a number of solutions have been proposed and 

implemented for skeletal and segmental anatomy, joint anatomy, and joint kinematics, 

very few solutions have been described and validated for defining MTU pathways. 

http://www.python.org/
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The two previous methods employed to define MTU pathways have used atlases to 

define subject-specific MTU origin and insertion points which have then been morphed 

to match subject-specific bone anatomy (Modenese et al., 2018; Scheys et al., 2006). In 

this process, the MTU origin and insertions on the atlas are morphed along with the 

underlying bone. However, following morphing the MTU origins and insertions require 

manual intervention to reposition points to prevent MTU-bone penetration and correct 

MTU points which lay off the bone surface. Both these methods have provided limited 

explanation on the methods used to define intermediate pathways, often using via points 

which have been morphed and manually adjusted to provide MTU pathways and 

kinematics the user deems appropriate. Along with the ambiguous methods, the 

resulting models were not subjected to thorough MTU kinematics validation, which is 

imperative if we are to be confident in the results and adoption the methods for clinical 

or medical applications. The final shortcoming of previously described methods is that 

the many personalisation steps have been implemented in different software (sometimes 

within the same workflow). Naturally, this introduces issues such as consistency 

between software environments, licence access and use of proprietary software, and 

transparency of software algorithms. We propose a single unified framework whereby 

all personalisation steps can be built and executed within a single software that is free 

and open-source, with in-built validation. 

Proposed methods 

The proposed methods for the development and use of subject-specific 

neuromusculoskeletal models consists of 5 steps, create, tune, calibrate, validate, and 

execute (Figure 22). The first two of these steps will be extensively detailed in the 

subsequent sections of this chapter and following thesis chapters (Chapters 5 and 6).  

Briefly, creating the model refers to the initial model generation using any data which 

has been acquired such as motion capture or medical imaging. Tuning refers to the 

process of optimising various features so they behave in an anatomically and 

physiologically feasible way. This tuning is often informed by cadaveric literature data, 

which various parameters can be compared against, in an attempt to match patterns of 

this data. Tuning also detects, automatically and programmatically typically observed 

shortcomings of previous models such as bone-bone penetrations. An example of this 

tuning process, is the closed chain joint mechanism (Brito da Luz et al., 2017), whereby 

the parameters governing these mechanisms are optimised to maximise the correlation 

to literature data and prevent bone-bone penetration. The third step is calibration, 
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similar to tuning this an optimisation routine, however this step is informed using the 

individuals measured data. This measured data is compared to estimated data and 

personalised features are calibrated to minimise the difference between measured and 

estimated data. An example of this process is the CEINMS toolbox (Pizzolato et al., 

2015), whereby MTU internal parameters are calibrated to minimise the difference 

between OpenSim external and CEINMS MTU moment estimates. Following model 

creation, tuning, and calibration, the resulting model and any estimates derived from the 

model must be validated. A number of different parameters within these models can be 

validated (e.g., joint kinematics, and MTU origin and insertions) along with end point 

estimations (e.g., joint contact loads) where intermediate parameters cannot be easily 

validated. While a tuning and calibration process ensures physiologically feasible 

parameters, the validation, particularly of end point estimates are imperative if 

confidence in the models and methods is to be attained.  The final step within the 

proposed framework is execution, this refers to the application of previously developed 

neuromusculoskeletal biomechanical methods to the developed models. While 

execution is often seen as the most important step, as this is what yields the results, each 

of the previously mentioned steps is vital to ensuring accurate models and simulation 

results. Following sections of this chapter will outline a proposed framework for the 

creation and tuning of subject-specific musculoskeletal models. 

Our proposed methods for the development of subject-specific rigid body 

musculoskeletal models will use the open-source framework: the MAP Client (Zhang et 

al., 2014). The following sections will provide an overview of the proposed methods for 

developing subject-specific OpenSim models which are later implemented (Chapter 5 

and 6). The MAP Client can be readily used to generate subject-specific bone 

reconstructions of each of the lower limb bones (above the ankle joint) from either 

complete or incomplete imaging data (Zhang et al., 2015). In addition to subject-

specific bone reconstruction, the MAP Client provides estimates of segment mass and 

inertia properties. The MAP Client already contains a number of workflows which 

enable the creation of subject-specific OpenSim models. However, a number of 

improvements to both joint models and MTU intermediate pathways are still required 

due to a combination of simplifications (e.g.,  permitted joint DOFs), missing 

components (e.g., specific bones and joints), and non-physiological results (e.g., MTU 

bone penetration and MTU kinematic discontinuities). 
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The previously discussed closed chain joint models (Brito da Luz et al., 2017) require 

extensive optimisation, to produce physiological solutions.  Although this optimisation 

adds time to model creation, the resulting solutions match patterns of previously 

reported cadaveric literature data, which acts as an internal validation method. The use 

of optimisation solutions, in our view, is vital if accurate subject-specific models are to 

be widely adopted. The use of these tuning methods is not only restricted to joint 

kinematic solutions. This process of tuning is implicit in others steps within the 

proposed framework including MTU pathway definitions. 

Current best MAP Client methods to define MTU origin and insertion points use an 

atlas-based method consistent with previously developed frameworks, the definition of 

MTU intermediate pathways remains largely undefined. The standard MAP Client 

solution uses MTU via points which have been fit to the underlying bone geometry. As 

previously stated, this solution often presents with nonphysical MTU pathways, such as 

those which penetrate bone surfaces and MTU kinematics that contain discontinuities 

and do not follow the patterns of previous literature data. The proposed method 

(Chapter 5) utilising the MAP Client framework will use wrapping surfaces which are 

fit on a subject by subject basis using an automated framework. These wrapping 

surfaces will then be tuned to ensure physically realistic MTU pathways and 

physiological MTU kinematics. 

The proposed framework detailed briefly above has been developed and tested in 

subsequent chapters (Chapters 5 and 6). This framework incorporates 4 of the 5 

discussed personalisation features, skeletal and segmental anatomy, 3D joint anatomy, 

joint mechanics, and MTU pathways. 
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Figure 22: Schematic representation of the proposed framework for the development and use of subject-specific neuromusculoskeletal 

models detailing each of the 5 proposed steps: create, tune, calibrate, validate, and execute.   
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to define and tune subject-specific 

muscle paths through the 

Musculoskeletal Atlas Project Client 

 

This chapter is to be submitted as a standalone manuscript to Computer Methods in 

Biomechanics and Biomedical Engineering as: 

 

Killen, B.A., Brito da Luz, S., Lloyd, D.G., Carleton, A.D., Besier, T.F., Saxby, D.J., 

An automated framework to define and tune subject-specific muscle paths through the 

Musculoskeletal Atlas Project Client. Computer Methods in Biomechanics and 

Biomedical Engineering. 
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Introduction 

Computational models of the human musculoskeletal system allow researchers to 

investigate human biomechanics without the need for invasive methods or expensive 

experiments. Much focus has been on rigid body musculoskeletal models, e.g., 

OpenSim (Delp et al., 2007) that can estimate internal loading, such as muscle tendon 

unit (MTU) forces and joint contact loading of the tibiofemoral joint (TFJ) (Demers et 

al., 2014; Killen et al., 2018a; Konrath et al., 2017; Lerner et al., 2015; Pal et al., 2007; 

Saxby et al., 2016a; Saxby et al., 2016b; Wellsandt et al., 2016; Winby et al., 2009). 

These models typically use generic bone geometries, joint positions, and MTU 

pathways, which are unlikely to reflect each individual’s anatomy, even after linear 

scaling (Kainz et al., 2017a). As such, these models may be inappropriate to accurately 

estimate TFJ contact loading, since these parameters affect common outcome measures 

of gait simulations (Demers et al., 2014; Gerus et al., 2013; Lerner et al., 2015). We 

have extensively examined (Chapter 4) a number of features that can be personalised 

within rigid body musculoskeletal models including bone geometry, segment mass and 

inertial parameters, joint anatomy and kinematics, and MTU internal parameters and 

pathways. Previous research has shown the inclusion of these personalisation feature 

has a significant effect on many outcome variables from gait simulations (e.g., joint 

moments, and TFJ contact loading). Despite this, no study has combined all of the 

previously discussed personalised features into a single OpenSim model. Along with 

missing personalisation features, many previous studies lack validation of various 

features, most prominently MTU kinematics, i.e., MTU lengths and moment arms. 

Defining subject-specific MTU pathways has two steps. First is the definition of fixed 

origin and insertion points, and second is the definition of intermediate pathways using 

via points and/or wrapping surfaces (NCSRR, 2016). Previously MTU origin and 

insertion points have been defined using atlas based methods in combination with 

manual adjustments to prevent MTU’s penetrating bones (Modenese et al., 2018; 

Scheys et al., 2006). Well defined automated methods to create MTU intermediate 

pathways, however, are largely undefined. Intermediate MTU pathways are a key 

determinant to estimation of MTU kinematics (Sherman et al., 2013), and if 

inappropriately defined, can result in discontinuities and display patterns that do not 

match previously report literature data. Errors in MTU kinematics must be addressed if 

subject-specific models are to be confidently used within muscle driven simulation 

frameworks to estimate internal loading (Pizzolato et al., 2015). Additionally, methods 
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used to define MTU intermediate pathways must be both automated as well as tuned to 

reduce both generation time as well as researcher subjectivity (Erdemir et al., 2016).  

The Musculoskeletal Atlas Project (MAP) Client is an open-source framework which is 

highly automated, and customisable. This framework allows users to reconstruct 

subject-specific bone geometry from sparse data sets facilitated by an atlas of statistical 

shape models. The MAP Client has been shown to accurately reconstruct bone 

geometries (Suwarganda et al., 2019; Zhang and Besier, 2017; Zhang et al., 2015) and 

anatomical landmark positions (Bahl et al., 2019) from motion capture (MOCAP) 

and/or medical imaging. This chapter presents the development of a framework built 

atop the MAP Client for the automated creation of tuned subject-specific OpenSim 

musculoskeletal models. The personalised features in these models included bone 

geometries, mass and inertial parameters, joint definitions (orientation and location), 

and MTU origins, insertions points, and intermediate pathways. The MAP Client, with 

additional custom software developed in this Chapter, generated 4 different subject-

specific OpenSim models which were implemented and tested. A standard linearly 

scaled OpenSim model was also generated for each participant. This resulted in 5 

different models that were tested using, the following hypotheses. The first hypothesis 

(H1) was that the MAP Client could be used to more accurately reconstruct subject-

specific bone geometries compared to linear scaled equivalents. The second hypothesis 

(H2) was that the inclusion of MTU wrapping surfaces alone will increase MTU 

kinematic smoothness and pattern similarity compared to the use of via points. The final 

hypothesis (H3) was that tuning of MTU wrapping surfaces would provide further 

improvements in MTU smoothness and pattern similarity. Additionally, tuning would 

remove commonly observed MTU errors including MTU moment arm polarity and 

bone penetration errors. 

Methods 

Participant recruitment 

Data were collected at Griffith University as part of an ongoing project (Ethics 

reference: PES/36/10/HREC). A subset of 6 participants were selected from the larger 

project. These participants were selected to span the range of ages, heights, and weights 

(Table 8) and had no history of musculoskeletal injury/trauma or lower limb surgeries. 

The decision to test the framework on a control population was two-fold. The first being 

a practical limitation relating to the available data. The data used for testing was 
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collected for the purposes of creating database of musculoskeletal anatomy for healthy 

control subjects to add to the current MAP Client databases rather than the testing of the 

developed framework. The same quality and detailed data were not available for other 

populations, limiting the ability to extend these methods to more challenging data. The 

second relates to the reconstruction of bone geometry. Previous research, which has 

assessed the use of the MAP Client to reconstruct subject specific bone geometries, has 

primarily been limited to a healthy control population. The introduction of pathologies 

which may alter or produce more variable bone shapes would introduce confounding 

factors for the development of this framework, specifically, the accuracy of the bone 

reconstructions. Errors in bone reconstruction could produce further errors within the 

MTU kinematics, reducing the ability to assess the framework in isolation. Each 

participant underwent comprehensive gait testing and medical imaging, and all provided 

their written and informed consent prior to any testing.  

Gait testing and processing 

Gait testing procedures were identical to those outlined previously (Chapter 3), 

however, for the purposes of this study, only the static calibration trial was utilised. 

Three-dimensional (3D) marker positions were converted from standard MOCAP 

format (i.e., .c3d) to standard OpenSim format (i.e., .trc) using MOtoNMS (Mantoan et 

al., 2015) for use in the MAP Client. Following gait testing, each participant underwent 

a full lower limb magnetic resonance imaging (MRI) protocol at a local radiology clinic 

(QScan, Southport, QLD, Australia).  

Table 8: Demographic data pertaining to the participants included in this study. 

Participant code Gender  Limb Age (years) Height (cm) Weight (kg) 

M01 M R 24 182.0 82 

M02 F R 22 172.0 63 

M03 M R 23 180.0 88 

M07 M L 32 185.0 89 

M09 M L 31 161.0 45 

M11 F L 21 160.5 55 

(n or means±sd) 4M & 2F 3L & 3R 25.5±4.8 173.4±10.7 70.3±18.6 

M-males, F-females; L-left , R-right; sd-standard deviation 
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Magnetic resonance imaging acquisition and segmentation 

Axial T1-weighted 3D fast field echo sequences were acquired from above the iliac crest 

to below the toes spanning both legs, while the participant was supine in a 3 Tesla MRI 

scanner (Philips Medical Systems, Netherlands). Images were acquired using a body 

coil in 5 stations with ~245 slices per station with a 10 mm overlap between stations, 

throughout, slice thickness was 1 mm acquired at 1 mm increments. Voxel size was 

0.79 mm3 with an in-plane field of view of 446 mm x 446 mm. Segmentations of the 

pelvis (excluding the sacrum), femur, tibia-fibula complex, and patella of both left and 

right lower limbs were performed using Mimics V19 and V20 (Materialise, Leuven, 

Belgium) (Figure 23). 
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Figure 23: (A) Manually segmented “masks” representing the left and right femur and 

tibia, and pelvis and (B) corresponding 3D objects from (A) with the addition of the left 

and right patella and fibula. 

Segmentation and image processing 

Individual anatomical structures were segmented using a manual tracing technique 

through Mimics’ multi-slice edit tool. For a given anatomical structure the area of 

interest was highlighted via manual tracing. The pixels encapsulated within this 
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manually traced region were then added to the segmentation mask (Figure 23A). In 

regions where there was little variation between slices, such as the femoral shaft, five 

intermediate slices (representing 5mm) were skipped and later filled using Mimics’ 

interpolation tools. Proximal and distal ends of each long bone were segmented using 

every slice, while regions such as the shafts were segmented using a combination of 

manual tracing and interpolation. Once complete, each segmentation mask was 

reconstructed to a 3D object (Figure 23B). Mimics’ wrapping (Gap closing distance = 

0.9895mm, and smallest detail = 1.97917mm) and smoothing (Smooth factor = 0.8, and 

iteration = 10) processes were applied to each bone segmentation using Mimics’ 

recommended settings to yield a smooth 3D object. Once wrapped and smoothed, each 

3D object was exported as a stereolithography (STL) file. The STL file contains a 

combination of vertices (points) interconnected by triangular faces (surfaces) 

representing the surface of the anatomical structure. These segmentations were then 

used within the MAP Client framework to reconstruct subject-specific bone geometries. 

The Musculoskeletal Atlas Project Client 

The MAP Client utilises data from both 3D MOCAP and MRI segmentations to 

reconstruct subject-specific bone geometries (Suwarganda et al., 2019; Zhang and 

Besier, 2017), which can then be used to generate subject-specific OpenSim models 

(Zhang et al., 2015). Although previous studies have used similar methods for 

reconstructing bone geometries from sparse imaging data, they lack a comprehensive 

explanation of each of the steps and settings used. Therefore, each step within the MAP 

Client bone mesh generation workflows is now covered in detail below. 

Bone mesh generation 

The MAP Client provides a number of methods including rigid registration, principal 

component (PC) fitting, host-mesh fitting (HMF), and local mesh fitting (LMF) that can 

be implemented to reconstruct subject-specific bone geometries These methods are 

applied to the mean statistical shape model (SSM) database contained within the MAP 

Client. The MAP Client mean SSMs are built from a population database of over 300 

cadaveric bone segmentations of the pelvis, femur, tibia-fibula, and patella. The mean 

SSMs represent the average shape for a given bone (e.g., pelvis), in addition to these 

mean SSMs, the MAP Client contains PCs that explain the shape variation within the 

population database used to generate these mean SSMs.  
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The mean SSMs of each of the considered bones are represented as a collection of 

nodes and elements (Figure 25). Any bones reconstructed using the MAP Client 

framework share the same element and node topology. Additionally, the element and 

node indices are shared between the mean MAP Client mean SSM and any MAP 

Client-generated bone of the same type (e.g., pelvis). For this research, full bone 

segmentations were used as the imaging source, as they will result in the best 

reconstruction accuracy (Suwarganda et al., 2019). The reconstruction of bone 

geometries within the MAP Client consists of 5 plugin steps, 4 fitting/morphing steps 

and an output step (Figure 24). 

 

 

Figure 24: Simplified schematic of the MAP Client bone mesh generation workflow 

illustrating the connections between each of the plugin steps. 
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Figure 25: (B) Mean element based SSM of the pelvis illustrating the element boundaries (grey) and nodes (red) where the numbers are 

element indices and (A) is a magnified version of the highlight section in (B). 
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The first plugin step uses 3D marker positions from a static MOCAP calibration trial to 

pose, scale, and morph an articulated SSM of the lower-limb. The “articulated SSM” is 

an assembly of the individual pelvis, femur, patella, tibia, and fibula mean SSMs in the 

MAP Client framework (Figure 26). The articulated SSM contains each individual 

mean SSM positioned and oriented according to joint definitions from a previous 

OpenSim model (Delp et al., 2007). These articulations are achieved using anatomical 

landmarks stored within the MAP Client SSMs. Within this step, the articulated SSM is 

posed, scaled and morphed along predefined PCs to best fit anatomical landmarks 

stored as node points within the individual mean SSMs to their corresponding 

anatomical landmarks identified via 3D MOCAP. The articulations between individual 

SSMs (within the articulated SSM) are respected throughout this process, preventing 

adjacent bones from being disarticulated. Error within this step is quantified using the 

distance between the 3D MOCAP anatomical landmarks and corresponding anatomical 

landmarks on the articulated SSM. This fitting step is constrained using a single penalty, 

the Mahalanobis weight, which quantifies the similarity between each morphed SSM 

and the original template mean SSM. Thus, the higher this weight, the less the original 

template mean SSM is permitted to deform. Subsequent bone morphing steps use the 

individual mean SSMs which make up this articulated SSM and are repeated for each 

mean SSM separately. 

 

Figure 26: (A) Before and (B) after the principal component fitting step whereby the 

articulated SSM (cream) is fit to 3D MOCAP marker positions (green). 
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The next step is an iterative closest point (ICP) rigid registration, whereby the 

individual (e.g., left femur) morphed SSM (from the morphed articulated SSM) is 

registered to the supplied MRI segmentation (Figure 27). This registration step 

represents each bone model (segmentation and morphed SSM) as individual point 

clouds. Registration error is quantified as the distance between each point on the 

morphed SSM and the closest point on the segmentation. After initial rigid registration, 

this step is repeated with the addition of linear scaling of the morphed SSM applied 

uniformly along all bone dimensions. The resulting registered and scaled SSM is then 

used in a number of non-linear mesh fitting steps. 

 

Figure 27: Morphed SSM (yellow) and supplied segmentation (red) (A) before and (B) 

after ICP rigid registration, and (C) after ICP rigid registration and linear scaling. 

The morphed, registered, and scaled SSM are then fit using a HMF method to closely 

match the supplied MRI segmentation. The point cloud of the two bone models 

(morphed, registered, and scaled SSM and segmentation) are embedded within separate 

host-meshes (Figure 28). A host-mesh is a bounding box that contains and envelopes all 

points of a given bone point cloud. The shape and size of the host-mesh was primarily 

dictated by the 3D position of points which lay at the extremes of each bone dimension. 

The SSM host-mesh is non-rigidly morphed to closely match the segmentation host-
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mesh. The points within in the SSM host-mesh are then morphed using the same 

transformations applied to the surrounding host-mesh. This HMF step results in a close 

match between each point on the HMF SSM and the segmentation bone model. The 

weights employed in this step are designed to penalise high amounts of curvature within 

each element of the HMF SSM and to ensure smooth borders between adjacent 

elements. There were also penalty weights that constrained how much the SSM host-

mesh was permitted to deform (Suwarganda et al., 2019). The HMF step was repeated 4 

times, where penalty weights are iteratively lowered (Table 9) to allow the HMF SSM 

to best fit the supplied segmentation, while ensuring smooth element surfaces and 

borders (Figure 29).  

Table 9: Penalty weights employed for each of the HMF iterations. 

Iteration Slave Sobelov Weights Slave Normal Weight 

1 1e-4 , 1e-4 , 1e-4 , 1e-4 , 2e-4   100 

2 1e-5 , 1e-5 , 1e-5 , 1e-5 , 2e-5   100 

3 1e-6 , 1e-6 , 1e-6 , 1e-6 , 2e-6  75 

4 1e-6 , 1e-6 , 1e-6 , 1e-6 , 2e-6 50 

 

The final morphing step was LMF, which was a high-quality point-to-point least 

squared fitting procedure (Suwarganda et al., 2019). Each point from the HMF SSM 

was fit to the closest point on the segmentation in a least squared sense. This process, 

although slow due to the high number of points on each bone model, resulted in a high 

fidelity fit between points on the morphed SSM and the supplied segmentations (Figure 

30). Although LMF was restricted to the regions of supplied segmentation, since full 

segmentations were provided to the MAP Client, the LMF process resulted in a high-

quality fit for the entire bone. The weights used in the LMF step were identical to those 

in the above HMF step (Table 9), but without the slave normal weights pertaining to the 

host-mesh. 
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Figure 28: Representation of the HMF process. The nodes (represented as coloured circles) of the segmented (red) or registered and 

morphed SSM (blue) bones are embedded in a host mesh (represented simply as a rectangular bounding box in this example). The HMF 

step deforms the host-mesh of the registered and morphed SSM (blue) to best fit the segmented bone host-mesh (red). 
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Figure 29: (A, C) Femoral head and (B, D) condyles (A, B) prior to and (C, D) 

following the HMF procedure between the segmentation (green) and the morphed and 

registered SSM (yellow). 
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Figure 30: (A, C) Femoral head and (B, D) condyles (A, B) prior to and (C, D) 

following LMF procedure between the segmentation (green) and the morphed and 

registered SSM (yellow). 
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Figure  SEQ Figure \* ARABIC 15 Pelvis: A) Prior to principal component fitting 

 

Figure 31: Pelvis mesh (A) prior to and (B) following PC fitting procedures between 

the segmentation (green) and the morphed and registered SSM (yellow). 
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Table 10: Penalty weights employed for each of the PC fitting of the pelvis 

Iteration Principal Components 

1 1 

2 3 

3 5 

4 7 

5 10 

The steps outlined above were applicable to the lower limb long bones (femur and tibia-

fibula) as well as the patella. A similar process was used when morphing the pelvis, 

although, the HMF procedure was replaced with a PC fitting  to reduce the time 

required to reconstruct bone geometries, and pilot testing revealed greater pelvis 

reconstruction accuracy. This fitting process morphed the registered and scaled mean 

SSM along the population PCs to more closely match the supplied segmentation (Figure 

31). Similar to the HMF step, the PC fitting step refined the morphing by increasing the 

number of PCs used to fit the target data (Table 10). The number of PCs used in each 

step was defined based on further pilot testing and further quantitative analyses 

(Suwarganda et al., 2019). This PC fitting step is again followed by the same LMF step 

as outlined above. 

The MAP Client-generated bones were then exported as (i) a standard geometry file 

(STL) and, (ii) a node file (.geof). The node file, combined with an .ens and .mesh file 

(herein referred to as element files) to define the element based bone model (Figure 25). 

Element files define the interaction between each node which defines the various 

elements, while the node file defines the 3D position of each node. Element files are 

identical for each MAP Client bone type (e.g., left femur, left tibia) although node files 

are unique to each MAP Client-generated or mean SSM bone. The accuracy of these 

bone reconstructions used then assessed using metrics consistent with previous 

literature (Suwarganda et al., 2019), root mean squared error (RMSE) and Jaccard Index 

(% volume similarity). Reconstruction accuracy was assessed using manually 

performed MRI segmentations as the ground truth data. Following bone reconstruction 

workflows, generated bone geometries were then used in the standard MAP Client 

workflow to create an OpenSim model with subject-specific bones. 
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Standard MAP Client model creation 

Standard MAP Client-generated OpenSim models are based on the model topology of 

the standard gait2392 model (Delp et al., 2007). The gait2392 topology contains 13 

bodies, mainly representing individual bones, although the head/trunk, tibia/fibula, 

radius/ulna, hand/wrist complex are considered single bodies. The bodies are 

interconnected by 12 joints, with a total of 23 degrees of freedom, and actuated by 92 

MTUs. For each individual, the template gait2392 model was customised using outputs 

from the MAP Client bone mesh generation workflows outlined above. 

The MAP Client-generated bones were transformed into local body coordinate frames 

consistent with the ISB recommendations (Wu et al., 2002) and as used in the standard 

gait2392 model (Delp et al., 2007). Local body coordinate frames were calculated using 

anatomical landmarks stored within the element based MAP Client bone models as 

nodes whose location can be queried using node indices. This process was repeated for 

the pelvis, femurs, and tibia-fibula complexes since these are the only bones currently 

within the MAP Client framework. Consequently, the ankle-foot complex is represented 

as a simple linearly scaled foot with one degree of freedom (DOF), consistent with the 

gait2392 topology. Feet bodies and their associated joints are scaled using a global scale 

factor calculated as the average scale factor of all the MAP Client-generated bones. 

Scale factors were calculated using the anatomical landmarks stored in the mean SSM 

(reference value) and MAP Client-generated bone models. Scale factors for each bone 

were also used to scale the mass and inertial parameters of each body. Following body 

customisation, each joint was personalised. 

The location and orientation of the hip, knee, and ankle joints were updated using the 

anatomical landmarks embedded in the element based bone models, consistent with the 

gait2392 model. In addition to the location and orientation, TFJ joint kinematics were 

further customised. The TFJ was represented as a one DOF hinge joint with 

anterior/posterior (X) and superior/inferior (Y) translations prescribed as functions of 

TFJ flexion, described using interpolating splines. Within the MAP Client, TFJ 

translational splines were defined by determining the minimum distance between the 

medial and lateral condyles of the femur and tibia in neutral position (i.e., position in 

the MRI scanner). At each flexion angle, the X and Y translations which maintain this 

minimum distance are determined and defined in the OpenSim model. The remaining 
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TFJ DOFs are locked at zero. Once both bones and joints have been customised, the 

final step is customisation of model MTUs. 

The maximum isometric force of each MTU was customised using previously published 

regression equations (Handsfield et al., 2014). Following this, MTU origin and insertion 

points and intermediate pathways were customised. Within OpenSim models, MTUs are 

represented as straight line force actuators between fixed origin and insertion points. 

The origin-to-insertion pathway, i.e., the intermediate pathway, may be further defined 

by additional points positioned intermediate to the origin and insertion, referred to as 

via points. The standard gait2392 model, on which MAP Client-generated models are 

based, uses via points for many of the MTUs. Due to the non-linear relationship 

between bone geometries from the MAP Client-generated and the generic gait2392 

model, MTU path points could not be linearly scaled to match subject-specific bones. 

To overcome this problem, the MAP Client, uses an anatomical atlas (Zhang et al., 

2015). This was a physical atlas, i.e., the SOMSO model (Marcus Sommer SOMSO 

Modelle, Sonneberg, Germany), which contained a collection of lower limb bones with 

MTU origin and insertion regions marked on the bone surface. These regions of 

attachment were identified on the MAP Client mean SSM. To do so, the MAP Client 

was used to generate bones that closely matched the bones of the SOMSO model 

following similar procedures to those outlined above. The attachment regions of the 

lower limb MTUs were then digitised and projected onto the MAP Client-generated 

SOMSO bones, and the attachment regions centroids projected to the closest node on 

the MAP Client-generated bone. Due to the architecture of MAP element based bones, 

nodal indices on the SOMSO MAP Client-generated bone represents the same 

anatomical point on any given MAP Client-generated bone and the MAP Client mean 

SSM. This process was repeated for all MTUs within the gait2392 model. Node indices 

were then used within the MAP Client workflow, to define subject-specific MTU origin 

and insertion points. Although this provided a solution for the fixed origin and insertion 

points, this did not address intermediate MTU pathways.  

To define MTU intermediate path points a weighted average vector between MTU 

origin and insertion points on the subject-specific OpenSim model and the MAP Client 

template OpenSim model (geometries derived from the mean SSM) was used to 
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translate each via point (Equation 5) (Carleton, 2018). This was repeated for each MTU, 

redefining all MTU via points. 

𝑣𝑂 = 𝑡𝑂 − 𝑠𝑠𝑂 

𝑣𝐼 =  𝑡𝐼 − 𝑠𝑠𝐼 

𝑤𝑂 = 1 − (
𝑑𝑂

𝑙𝑇
) 

𝑤𝐼 = 1 − (
𝑑𝐼

𝑙𝑇
) 

𝑣𝑊 =   ((𝑤𝑂 ∗ 𝑣𝑂) + (𝑤𝐼 ∗ 𝑣𝐼) ) 

 (5) 

where, 𝑣𝑂, is the vector between the MTU origin on the MAP Client template model, 

𝑡𝑂, and the subject-specific model, 𝑠𝑠𝑂. The term 𝑣𝐼 is the vector between the MTU 

insertion on the MAP Client template mode, 𝑡𝐼, and the subject-specific model, 𝑠𝑠𝐼. The 

term 𝑙𝑇 is the total length of the MTU, 𝑑𝑂, is the Euclidian distance between the origin 

and the via point of interest and, 𝑑𝐼, is the distance between the insertion and the via 

point of interest. The term 𝑣𝑊 is the weighted vector of 𝑣𝑂 and 𝑣𝐼, calculated using the 

distance of the via point from the origin, 𝑤𝑂, and insertion, 𝑤𝐼. Where 𝑤𝑂 and 𝑤𝐼 are 

between 0 and 1, representing the ratio of the distance between the via point and origin 

or insertion and the total length of the MTU.  

The models generated using the above methods represent the current benchmark and 

standard models created using the MAP Client. These frameworks and processes were 

developed by a number of researchers at the Auckland Bioengineering Institute 

(Carleton, 2018; Zhang et al., 2014). Although the model (Figure 32) generated from 

this standard MAP Client pipeline contains many personalised features and overcomes 

many limitations of previous modelling methods, there are still a number of problems 

and critical elements missing from this model. OpenSim models generated using the 

standard MAP Client workflow still present with MTU bone penetrations (Figure 33), 

MTU kinematics which contain discontinuities (Figure 34) and do not follow the 

patterns of previously published cadaveric literature data (Figure 34). Additionally, 

these models do not contain the patella, patellofemoral joint (PFJ), and upper limb 
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bodies. These limitations and missing components are essential for both complete and 

valid musculoskeletal models 

.  

Figure 32: The MAP Client-generated OpenSim model with subject-specific pelvis, 

femur, tibia, and fibula geometries, SOMSO MTU origin and insertions points and 

morphed via points. 
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Figure 33: Example of MTU penetration in the MAP Client-generated model of the (A, 

C, E) quadriceps and (B, D, F) gastrocnemii at (A, B) 0º, (C, D) 45º and (E, F) 90º of 

TFJ flexion. 
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Figure 34: The MTU lengths and moment arms from  the standard MAP Client-

generated model (red), generic gait2392 model (black), and cadaveric literature data 

(green) for the rectus femoris, medial gastrocnemius, and vastus lateralis where 

discontinuities (highlighted in black boxes) result from the acivation of conditional via 

points. 
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Additional development of the MAP Client 

As mentioned above, several errors remained in the current standard MAP Client-

generated models, primarily surrounding the MTU pathways. In addition, a number of 

personalisation features are missing from these models, i.e., patella, PFJ, and upper limb 

bodies. All subsequent customisation steps were completed by the author, unless 

explicitly stated, using a combination of the OpenSim application programming 

interface (API), pre-existing MAP Client architecture, and custom written Python 

(Python Software Foundation. Python Language Reference, version 2.7. Available 

at http://www.python.org) modules and code.  

Several general modifications were undertaken to make current MAP Client-generated 

models more consistent with previous OpenSim modelling frameworks (Chapter 3). 

Due to the variable position of the participants within the MRI scanner, some joints, 

particularly the TFJ, had an offset angle within the MAP Client-generated OpenSim 

model (Figure 35A). Model joint offsets were removed using a custom written Python 

script, which set all joint coordinates to zero.  

The standard OpenSim gait2392 marker set was then replaced with a custom marker set 

(Saxby et al., 2016a) and linearly scaled upper limb bodies added (i.e., scapula, clavicle, 

humerus, ulna, radius, carpals, metacarpals, and fingers) consistent with the OpenSim 

Full Body Model (Rajagopal et al., 2016) (Figure 35B). Since this thesis is primarily 

focussed on the lower limb, in particular the TFJ, the use of linearly scaled upper limb 

bodies would not affect the final outcomes. Similarly, the use of linearly scaled marker 

positions is a process used in standard musculoskeletal modelling, and once established 

for the MAP Client-generated model, these markers can be adjusted to best fit 

individual static calibration trials. This process uses in-built OpenSim tools deployed 

through the OpenSim API in a custom written Python script. This marker fitting process 

adjusts model initial marker positions (linear scaled positions) to best fit the positions of 

the markers during the static calibration trial as well as posing the model (e.g., joint 

angles and pelvis-ground translations). These simple customisation steps allow the 

MAP Client-generated model to be used in the same pipeline for determining joint 

angles (via the inverse kinematics tool), and joint kinetics (via the inverse dynamics 

tool) as detailed previously (Chapter 3). 

http://www.python.org/
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The generic gait2392 model and current MAP Client-generated OpenSim models, did 

not contain a patella and PFJ, despite the MAP Client containing patellae mean SSMs 

and thus the capability to generate a subject-specific patella using MAP Client bone 

morphing workflows. Since the quadriceps MTUs insert into the patella, this 

incorporation was imperative. The local body and joint coordinate frames of the patella 

and PFJ were defined consistent with previous literature (Arnold et al., 2010) and 

constructed using anatomical landmarks stored within the MAP Client-generated bone 

model. The patella body was then added to the MAP Client-generated model along with 

an associated PFJ, where the parent body was the tibia. Initial position of the patella was 

defined based on the position of the patella in the MRI. The PFJ rotations and 

translations were locked with respect to the tibia, which was a necessary simplification 

as patella motion cannot be tracked using traditional MOCAP. Quadriceps MTU (rectus 

femoris, vastus medialis, vastus lateralis, and vastus intermedius) path points were then 

adjusted to attach to the patella. Fixed via points were defined on the base (superior) and 

apex (inferior) of the patella using the nodes which define these regions. The insertions 

of the quadriceps MTUs were then updated to insert on the tibial tuberosity, again using 

the nodes on the MAP Client bone model. The positioning of the MTU points, on both 

the patella and tibia were defined based on observations of previously published 

OpenSim models (Arnold et al., 2010; Rajagopal et al., 2016). All of the outlined steps 

were incorporated into a MAP Client plugin which performed these customisation steps 

in an automated process. 
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Figure 35: (A) Standard MAP Client-generated model with offset angles present during 

the MRI and (B) MAP Client-generated model after  resetting of joint angles and 

addition of the patella, PFJs, and upper limb bodies. 

The above additions and modifications provided a model more consistent with current 

best practice that could be utilised within standard joint kinematic and kinetic analysis. 

However, errors in the MTU pathways and kinematics (moment arms and lengths) 

remained. Irrespective of whether positioned ideally on generic models, scaled in 

linearly scaled models, or non-linearly morphed to match underlying bone geometry, 

via points were non-physically positioned (Figure 36) and introduce discontinuities in 

the MTU kinematics (Figure 37). The implemented method for defining MTU 

intermediate pathways was devised to ensure that MTU via points did not fall within 
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bone geometries, but it does not guarantee subject specific MTU kinematics. However, 

the MTU kinematics resulting from these models were often not physiological. The use 

of wrapping surfaces, however, provides an efficient alternative to via points with many 

advantageous computational features.  

As previously detailed (Chapter 4), OpenSim has 4 types of wrapping surfaces that can 

be implemented. When MTU pathways intersect wrapping surfaces, the MTU wraps 

smoothly over this surface. Unlike via points these wrapping surfaces typically produce 

smoother MTU kinematics (Garner and Pandy, 2000; Hammer et al., 2019). Indeed, for 

this reason recent generic models (Arnold et al., 2010; Rajagopal et al., 2016) have 

contained numerous wrapping surfaces. Therefore, to overcome the inherent limitations 

of via points, via points were replaced with wrapping surfaces. 

 

  

Figure 36: Examples of (A, B, C) non physiological MTU shapes and (C, D, E, F) 

MTU bone penetration in the MAP Client-generated model with morphed via points. 
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Figure 37: The MTU lengths and moment arms of the MAP Client-generated model 

with patella and morphed via points (red), generic gait2392 model (black), and 

cadaveric literature data (green) for the biceps femoris long head, gracilis, and 

semimembranosus. 
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Although wrapping surfaces can be positioned and sized on a per participant basis, this 

would greatly limit their use and the utility of subject-specific MAP Client-generated 

models due to the time burden and potential problems surrounding the subjective nature 

and hence reliability of manual placement (Erdemir et al., 2016). Instead, an automated 

wrapping surface generation method was developed to enable the wide adoption of 

these methods and use of MAP Client-generated models. 

Wrapping surface placement 

Although all the MTUs within the MAP Client-generated OpenSim model may present 

with the above reviewed errors, this research focused on the TFJ. As such, only the 

MTUs which crossed the TFJ were considered. The current approach was to use 

wrapping cylinders to avoid MTUs slipping off the end of each surface, which is a 

problem that often occurs when using elliptical or spherical wrapping surfaces. 

Wrapping spheres were used to represent spherical bone structures, such as the femoral 

and tibial condyles. Examining the Full Body Model developed by Rajagopal et al. 

(2016), the placement and size of the wrapping surfaces serve two purposes: (i) to 

prevent bone penetration and, (ii) to produce realistic MTU shapes that yield 

physiologically plausible MTU lengths and moment arms. 

The positioning and sizing of the initial wrapping surfaces was based on visual 

inspection of the MAP Client-generated model and comparison to the Full Body Model 

(Rajagopal et al., 2016). However, this manual visually-driven process is not feasible 

for large scale projects and is highly subjective. Therefore, to allow for the rapid and 

automated generation of appropriate wrapping surfaces, the initial location, orientation, 

and sizes were defined based on anatomical regions, geometric shapes fit to anatomical 

regions, and the position of fixed MTU path points. All this information can be readily 

and automatically queried using the MAP Client, reducing the manual nature of 

wrapping surface placement. The way each anatomical region was selected was the key 

to the automated fitting of these shapes without the need for manual intervention. 

The element based nature of each MAP Client-generated bone allowed for the 

identification of the relative anatomical regions based on element and node indices. 

Given both element and node indices are shared between each MAP Client-generated 

bone type, the same region could be automatically selected and isolated for any MAP 
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Client-generated bone. Wrapping surfaces used within this research are detailed below 

(Table 11). 

Once the initial wrapping surfaces were positioned, improvements in MTU lengths and 

moment arms were observed (Figure 38), as well as improvements in the mobilised 

models (Figure 39). However, since the outcomes of the outlined process were 

primarily assessed via visual inspection, there was no guarantee the MTU kinematics 

(lengths and moment arms) were physiological and consistent with previous models and 

literature. Additionally, due to bone geometry variations between participants, the MTU 

kinematics resulting from the incorporation of wrapping surfaces may not be uniform 

across all participants. Small changes in any of the parameters defining the wrapping 

surfaces (i.e., position, dimensions, and/or orientation) can have a large effect on the 

resulting MTU kinematics. These small changes would require large amounts of manual 

intervention and potentially non-intuitive perturbations to produce smooth and 

physiologically feasible MTU kinematics. Therefore, an optimisation method was 

designed to perform these adjustments with the aim of producing physiological MTU 

kinematics which were consistent with previously reported generic models and 

cadaveric literature. 

Table 11: List of wrapping surfaces associated with each MTU and their role within the model. 

Muscle 

tendon unit 

Wrapping Surface Surface Aim 

Prevent 

Penetration 
Shape 

MTU 

Kinematics 

rect_fem_l/r 

femHeadCylinder_RF X   

femShaftCylinder_RF X   

femAntCondCylinder_RF  X X 

tibCondCylinder_RF  X X 

vas_med_l/r 

femShaftCylinder_VM X   

femAntCondCylinder_VM  X X 

tibCondCylinder_VM  X X 

vas_lat_l/r 

femShaftCylinder_VL X   

femAntCondCylinder_VL  X X 

tibCondCylinder_VL  X X 
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Table 11 continued: List of wrapping surfaces associated with each MTU and their role within 

the model. 

Muscle 

tendon unit 

Wrapping Surface Surface Aim 

Prevent 

Penetration 
Shape 

MTU 

Kinematics 

vas_int_l/r 

femShaftCylinder_VI X   

femAntCondCylinder_VI  X X 

tibCondCylinder_VI  X X 

semimem_l/r tibMedCondCylinder_SM X X X 

semiten_l/r 
tibMedCondCylinder_ST X X X 

tibMedCondCylinder2_ST  X X 

bifemlh_l/r 
tibPostBFCylinder_BFLH X X X 

femLatCondSphere_BFLH X X X 

bifemsh_l/r 
tibPostBFCylinder_BFSH X X X 

femLatCondSphere_BFSH X X X 

sar_l/r 

femNeckShaftCylinder_SART X   

femSartCylinder_SART  X X 

tibMedCondCylinder_SART X   

grac_l/r 

tibMedCondCylinder2_GRAC 
 X X 

tibMedCondCylinder_GRAC 
X X X 

tfl_l/r 

femShaftCylinder_TFL 
X   

femNeckShaftCylinder_TFL 
X   

femNeckShaftCylinder2_TFL 
 X X 

femLatCondCylinder_TFL 
 X X 

tibLatCondCylinder_TFL 
X X X 

med_gas_l/r 

femPostCondCylinder_MG 
X   

tibPostGastCylinder_MG 
X X X 

lat_gas_l/r 
femPostCondCylinder_LG X   

tibPostGastCylinder_LG X X X 
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Figure 38: The MTU lengths and moment arms of the MAP Client-generated model 

with initial wrapping surfaces (blue), MAP Client-generated model with morphed via 

points (red), generic gait2392 model (black), and cadaveric literature data (green) for 

selected for the biceps femoris short head, rectus femoris, and medial gastrocnemius. 
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Figure 39: Example of MTU wrapping in the MAP Client-generated model with initial wrapping surfaces of the (A,C,E) quadriceps and 

(B,D,F) gastrocnemii at (A,B) neutral, (C,D) 45º, and (E,F) 90º of TFJ flexion. 
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Wrapping surface optimisation 

The optimisation method was written using open-source Python packages and deployed 

on the Griffith University High Performance Computing Cluster “Gowonda” 

(https://conf-ers.griffith.edu.au/display/GHCD/Gowonda+HPC). Use of Gowanda 

enabled parallelisation of the optimisation method, which dramatically reduced 

computation time. When run serially on a standard desktop computer, a single model 

took ~240 hours which was reduced to ~12 hours using parallelised processing on 

Gowonda. The bounds of the optimisation routine for each wrapping surface type are 

detailed below (Table 12). 

Table 12: The MTU wrapping surface optimisation bounds for each surface type. 

Wrapping surface type Optimisation bounds 

Sphere Radius (85–115%) 

Translation ± 2.5 cm in x, y, and z 

Cylinder Radius (85–115%) 

Translation ± 2.5 cm in x, y, and z 

Orientation ± 15º in x, y, and z 

 

To parallelise the optimisation method, each MTU required a unique set of wrapping 

surfaces, although some MTUs’ initial wrapping surfaces shared the same positions, 

orientations and dimensions. The optimisation method used within this framework is 

referred to as particle swarm optimisation (PSO) (pyswarm: A Python package for 

particle swarm optimization (PSO) with constraint support, Abraham D. Lee, 

https://pythonhosted.org/pyswarm/). The PSO simultaneously searches different regions 

of the solution space using different “particles”, allowing for a wider range of the 

solution space to be tested. This reduces the chance of the optimisation returning a local 

minima rather than a global minima. Within this routine, 100 particles were utilised for 

a maximum of 350 iteration each. During each iteration, the MTU length and moment 

arms were calculated and tested against a number of different criteria.  

The overarching aim for all models was to produce smooth MTU kinematics that 

closely match the pattern of cadaveric and generic OpenSim model data (i.e., G2392 

(Delp et al., 2007) and AP (Rajagopal et al., 2016). 

https://conf-ers.griffith.edu.au/display/GHCD/Gowonda+HPC
https://pythonhosted.org/pyswarm/
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During initial testing of the optimisation method, MTU lengths and moment arms were 

calculated using the OpenSim API. However, we found that the MTU moment arms 

calculated using OpenSim were highly sensitive to small changes in MTU length. To 

overcome this and increase computational speed, previously published methods for 

accurate estimation of MTU moment arms were used (Sartori et al., 2012b). This 

approach uses cubic B-splines fit to the MTU lengths (across the TFJ flexion/extension 

range of motion) calculated via the OpenSim API. The MTU moment arms are then 

calculated as the partial derivatives of these splines, i.e., changes in length divided by 

changes in joint angles. The implementation and use of cubic B-splines over OpenSim 

derived MTU kinematics was multifactorial, first and foremost to increase 

computational speed. If using the OpenSim implementation, the optimisation makes 

numerous repetitive requests to the OpenSim application programming interface (i.e., 

calling the muscle analysis tool), which slows the algorithm down considerably. 

Second, b-splines fit to measures of MTU moment arms results in a surface that is less 

sensitive to small discontinuities in the MTU lengths. If you do not use a b-spline or 

similar method and then differentiation of the MTU lengths with minor discontinuities, 

these discontinuities grow dramatically. The final reason is to facilitate the use of these 

methods in software other than OpenSim. The use of a generic method which does not 

rely on OpenSim tools, allows for the integration of these methods into other 

established or developmental frameworks. Specifically, this was implemented with the 

application of real-time modelling in mind (Pizzolato et al., 2017). A real-time 

framework already uses a b-spline implementation with linearly scaled OpenSim 

models (Sartori et al., 2012b). The optimisation of MTU kinematics estimated from b-

splines allows for the integration of these subject specific models into the real time 

framework.  

The MTU lengths and moment arms were then evaluated using a number of objective 

and penalty functions. Different objective functions were implemented for MTU lengths 

and moment arms (i.e., MTU kinematics).  These objective functions were divided into 

two categories, the first compared modelled and target data, and the second assessed the 

curve smoothness.  

A primary aim of the optimisation was to compare and match the modelled MTU 

kinematics with the patterns of previously reported target data (discussed over page). 

Since these patterns can be represented MTU kinematics’ gradients with respect to joint 

angle, the normalised error between the gradients of the modelled and target data were 
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calculated. Note that within the optimisation, the magnitude of the tested or target 

values are not considered, only the gradients (representing the pattern) are considered. 

The errors were combined into a normalised error term, representing the sum of the 

mean and maximum normalised error across the joints range of motion. 

As previously stated, MTU moment arms were calculated using splined MTU lengths fit 

to MTU lengths calculated through the OpenSim API. To ensure this process was not 

artificially increasing the calculated MTU length smoothness (covered below), the 

normalised error between the OpenSim calculated and splined MTU lengths were 

calculated at each joint angle, and the average across the TFJ range of motion 

calculated.  

Further objective functions were created to measure and control curve smoothness to 

ensure smooth and continuous MTU kinematics. The smoothness measure, henceforth 

referred to as the nNumDeriv, relied on three assumptions. First, MTU kinematic curves 

were primarily monophasic with no significant peaks or troughs, which is correct when 

the joints are moved through physiological ranges. Second, the gradient of the curves 

was constant with respect to MTU length or slowly changing in the case of MTU 

moment arms. The third and final assumption was that if the MTU kinematic curves 

were a perfectly straight line, the second derivative of this line would be zero. As a 

consequence, if the MTU kinematics had only slightly changing gradients the second 

derivative would approximate zero. Therefore, nNumDeriv was defined as the number 

of modelled curve derivatives required for the differentiated curve’s range, mean, and 

maximum to fall below predefined thresholds. These thresholds were determined in 

preliminary testing and is described in Appendix 2. The nNumDeriv of the tested curve 

was then normalised to the nNumDeriv of the target data. It should be noted that only 

the generic OpenSim model data were used to normalise the nNumDeriv whereby the 

average nNumDeriv of the two models was used. As mentioned above, the objective 

functions used a number of data targets to calculate objective functions in the 

optimisation.  

Target data were taken from multiple sources, but can be divided into two distinct 

categories: model data and literature data. Model data were obtained from two generic 

OpenSim models, the generic gait2392 model (Delp et al., 2007), on which the MAP 

Client models are based, and the more recent Full Body Model (Rajagopal et al., 2016). 

For each model, each MTU was iteratively queried, and their lengths and moment arms 

calculated (using the OpenSim API) throughout the TFJ range of motion of the MAP 
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Client-generated models (0 – 100 degrees of flexion). The MTU kinematics for each 

model were then stored in a Python structure for further use in the optimisation. 

Unlike model data, literature data were taken from a wide range of different studies 

(Table 13), which were carried out on cadavers. Since values were taken from different 

studies, the range of motion considered in each of these studies was different. As a 

result, a method was devised to combine these various studies into a single literature 

value for each MTU (Appendix 1). 

In all cases tested, MTU moment arms from cadaveric literature were available for 

optimisation target data and used for all MTU moment arm objective functions. 

Although not relevant to this thesis, if literature values were not present, comparisons 

were made against previous generic model data. Additionally, there is no cadaveric 

literature data for MTU lengths, as a result, objective functions related to MTU length 

used target data from previous OpenSim models. However, it should be noted the only 

objective function relating to MTU lengths used within the optimisation was the 

nNumDeriv measure. Along with objective functions, a number of penalties were 

implemented. 

Optimisation penalty functions were employed to mathematically detect various errors 

commonly observed in MTU kinematics and pathways. These errors are: moment arm 

polarity, wrapping, and bone penetration.  
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Table 13: Source of literature data for each of the MTUs considered in this chapter. 

Muscle tendon 

unit  

Studies 

Rectus femoris (Arnold et al., 2010; Buford et al., 1997; Draganich et al., 1987; 

Fick, 1879; Navacchia et al., 2017; Pal et al., 2007; Spoor and 

van Leeuwen, 1992; Visser et al., 1990; Wilson and Sheehan, 

2009) 

Vastus medialis (Arnold et al., 2010; Buford et al., 1997; Navacchia et al., 

2017; Pal et al., 2007; Visser et al., 1990; Wilson and Sheehan, 

2009) 

Vastus lateralis (Arnold et al., 2010; Buford et al., 1997; Navacchia et al., 

2017; Pal et al., 2007; Visser et al., 1990; Wilson and Sheehan, 

2009) 

Vastus intermedius (Arnold et al., 2010; Buford et al., 1997; Navacchia et al., 

2017; Pal et al., 2007; Visser et al., 1990; Wilson and Sheehan, 

2009) 

Biceps femoris long 

head 

(Buford et al., 1997; Herzog and Read, 1993; Navacchia et al., 

2017; Spoor and van Leeuwen, 1992) 

Biceps femoris short 

head 

(Buford et al., 1997; Herzog and Read, 1993; Navacchia et al., 

2017; Spoor and van Leeuwen, 1992) 

Semitendinosus (Arnold et al., 2000; Arnold et al., 2010; Buford et al., 1997; 

Herzog and Read, 1993; Navacchia et al., 2017; Spoor and van 

Leeuwen, 1992) 

Semimembranosus (Arnold et al., 2000; Arnold et al., 2010; Buford et al., 1997; 

Herzog and Read, 1993; Navacchia et al., 2017; Spoor and van 

Leeuwen, 1992) 

Gracilis (Arnold et al., 2010; Spoor and van Leeuwen, 1992) 

Sartorius (Arnold et al., 2010; Spoor and van Leeuwen, 1992) 

Medial gastrocnemius (Buford et al., 1997; Navacchia et al., 2017; Spoor and van 

Leeuwen, 1992) 

Lateral gastrocnemius (Buford et al., 1997; Navacchia et al., 2017; Spoor and van 

Leeuwen, 1992) 
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With respect to moment arms, it is important that the polarity (i.e., positive/negative 

which denotes its action about a particular joint DOF) of each MTU is consistent with 

target data. Otherwise, MTUs which, for example, act to flex the TFJ may in fact act to 

extend the TFJ (Figure 40). For this reason, a penalty was defined to ensure the polarity 

of the moment arms were physiological. At each TFJ flexion angle, the polarity of the 

tested model (i.e., MAP Client-generated) and the generic gait2392 model (from the 

model data structure) was compared. Note that model data was used for this penalty 

function as literature data rarely enveloped the entire TFJ range of motion. If the 

polarity was the same, no penalty was applied, else a secondary test was performed. 

Specifically, if the polarity was different, the adjacent 20 angles (i.e., ±10º) were 

checked. If the target data, within this range, changed polarity to match the tested 

model, the discrepancy was no longer considered a polarity error. When this condition 

was not met, a penalty was applied to the final weighted value.  

 

Figure 40: Example of MTU moment arm polarity error in the MAP Client-generated 

model (red) compared to both generic model (black) and literature (green) data. 

Depending on where a MTU intersects its associated wrapping cylinder, it may wrap 

entirely around it, i.e., complete a full circumferential loop before continuing to the 

insertion point (Figure 41A). This occurs due to specific selection of wrapping surface 

quadrants (Figure 42), which constrain the wrapping to a specific region of the wrap 

object. To avoid these non-physical MTU paths, the MTU path points in the neutral 

position were queried. These points represent both the fixed origin and insertion as well 

as the points where the MTU starts and finishes wrapping (Figure 41B). With the 

assumption that each MTU path point is inferior compared to the previous path point, 

the Y coordinate (superior/inferior) of each path point is tested. If the Y coordinate of a 

path point was greater than the Y coordinate of the previous path point this was 

indicative of a wrapping error. This was only tested in the neutral position because if 

this was to occur throughout the range of motion, but not in the neutral position, this 
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would be reflected in the MTU length and moment arm smoothness measure detailed 

above. 

 

 

 

Figure 41: (A) Example of MTU wrapping error in an OpenSim model whereby the 

MTU wraps around the circumference of the cylinder and (B) various MTU path points 

numbered sequentially where points 3 and 4 illustrate the wrap error.  

 

 

Figure 42: The MTU wrapping cylinder with different active quadrants: (A) X, (B) -X, 

(C) Y, (D) -Y,  (E) X with 90º rotation , (F) -X with 90º rotation , and (G) all. 
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The MTU bone penetration penalty employed an automated detection algorithm. 

Initially, the joints that each MTU spanned and the bodies (i.e., bones) they could 

penetrate were determined. Similar to the wrap error penalty, each MTU path point is 

determined and a vector calculated between adjacent path points. Due to limitation in 

the OpenSim API, the path between wrap on/off points cannot be readily determined. 

The procedure only detected vectors that intersected bone surfaces between either: (i) 

two fixed points (origin or via point), (ii) a fixed point and a wrapping on point, (iii) a 

wrapping off and wrapping on points (on different wrapping surfaces), and (iv) a 

wrapping off point and a fixed point (Figure 43). It was assumed that if the on/off 

wrapping points did not penetrate, the intermediate points also did not penetrate. 

 

Figure 43: (A) Illustration of the vastus medialis pathway at 100º of TFJ flexion within 

OpenSim and (B) each of the path points available within the OpenSim API. Where 

points 1, 6, 7, and 8 are fixed points, points 2 and 4 are wrapping on points, and points 3 

and 5 are wrapping off points. Using the proposed framework, tested path point pairs 

are: 1-2, 3-4, 5-6, 6-7, and 7-8.  

For each bone, any intersection between the MTU path point vector and the bone 

geometry was determined. If an intersection occurs, the amount of penetration 

(distance) between the bone surface and intersection point calculated. For a penetration 
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penalty to be applied, intersection points were required to fall entirely within the bone 

surface (Figure 44). 

 

Figure 44: Example of MTU pathway that intersects the tibia bone geometry. Where 

(A) is not considered as MTU-bone penetration and (B) is considered MTU-bone 

penetration 

Once each of the penalties had been determined, they were combined into a single 

penalty value where each penalty function, if returning a positive test, attracted a weight 

of 500. The aforementioned penalty and objective functions were then combined into a 

single weighted value, which was minimised via optimisation (Equation 6). 

𝑤𝑣 = 𝑠𝑝𝑙𝑖𝑛𝑒𝐿𝑒𝑛𝑁 + 𝑙𝑒𝑛𝑁 + 𝑠𝑝𝑙𝑖𝑛𝑒𝑁𝑜𝑟𝑚𝐸𝑟𝑟 + 𝑚𝑎𝐺𝑟𝑎𝑑𝐸𝑟𝑟 + 𝑝𝑒𝑛  (6) 

where, 𝑤𝑣, is the weighted value, 𝑠𝑝𝑙𝑖𝑛𝑒𝐿𝑒𝑛𝑁, is the nNumDeriv of the splined lengths 

fit to the OpenSim MTU lengths, 𝑙𝑒𝑛𝑁, is the nNumDeriv of the OpenSim derived 

MTU lengths, 𝑠𝑝𝑙𝑖𝑛𝑒𝑁𝑜𝑟𝑚𝐸𝑟𝑟, is the normalised error between the OpenSim derived 

and  cubic B-spline fit MTU lengths, 𝑚𝑎𝐺𝑟𝑎𝑑𝐸𝑟𝑟, is the normalised error between the 

MTU moment arms and target data, and, 𝑝𝑒𝑛, is the summed penalty value. 

Once the optimisation was run for each participant’s model, the optimised wrapping 

surface parameters were used within a custom written Python code to update the 

subject-specific MAP Client-generated model with the optimised wrapping surface 

parameters. 
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Model comparisons and validations 

Using the MAP Client framework, a number of different models (Table 14; Figure 45: 

Figure 46) were created, which represent each of the development steps.  

Table 14: Explanations of each of the 5 models developed as part of this chapter. 

 

 

Figure 45: Symbolic representations of each of the 5 models used for comparison and 

validation of the resulting MTU kinematics. Where (1) is a linear scaled gait2392 

model, (2) is the model from the standard MAP Client framework, (3) contains MTU 

via points morphed using the described vector morphing method, (4) is the model with 

initially fit wrapping surfaces and, 5) is the optimised version of model 4. Note that  in 

models 4 MTU kineamtic disctontinuities may be present due to wrapping surface 

placement being  not opitmised. These errors are corrected in the designed optimisation 

framework.

Model 1  Linear scaled gait2392 model 

Model 2  Standard MAP Client workflow with HMF MTU points 

Model 3  Model 2 with morphed via points using vector method (Carleton, 2018) 

Model 4  Model 3 where via points have been replaced with wrapping surfaces 

Model 5  Model 4 following MTU wrapping surface optimisation 
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Figure 46: Schematic representation of the workflow used within this chapter. Also detailed is each of the development steps implemented 

and the indication of each models position along the development workflow.  
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Once each of the 5 model’s had been created, and tuned in the case of model 5, the 

resulting modelled MTU pathways were compared to known cadaveric literature data. 

The MTU pathway validation metrics are values from the penalty and objective 

functions employed in optimisation routine. These comprise of (i) number of moment 

arm polarity errors, (ii) number of bone MTU penetration errors, (iii) normalised MTU 

moment arm gradient error, and (iv) length and moment arm smoothness measures. 

These metrics were calculated for each MTU and each model for each participant. Due 

to the large amount of space required to present the full MTU kinematics and metrics 

for each MTU, each model MTU kinematics are shown in Appendix 3 with only 

specific example given in this results section. Along with the MTU kinematics, 

summary tables for each model and participant are displayed in Appendix 3. For ease of 

comparison, each of the 24 MTUs modelled in this research were split into three groups 

(i) quadriceps (left and right rectus femoris, vastus lateralis, vastus intermedius, and 

vastus medialis), (ii) hamstrings (left and right biceps femoris long and short head, 

semitendinosus, and semimembranosus), and (iii) extras (left and right medial and 

lateral gastrocnemius, sartorious, and gracilis). For each MTU metrics the count (in the 

case of MTU moment arm polarity and bone MTU penetration) or average ± standard 

deviation (in the case of MTU length and moment arm smoothness and MTU moment 

arm gradient error) were calculated. 

Although the entire suite of MTU metrics were calculated for each MTU group and 

each model, only selected models were explicitly compared in this chapter, each of 

these comparisons represent a significant development step within this thesis. Model 1 

was provided as a reference for the current standard in musculoskeletal modelling. As 

model 2 and 3 represent already established workflows, these models were not 

explicitly compared within this chapter. Due to the previously mentioned limitations of 

these models i.e., bone penetrations (Figure 34) and MTU kinematic discontinuities 

(Figure 35) they were deemed inappropriate, hence provided impetus for the 

developments made within this chapter. Subsequently, there were two explicit 

comparisons undertaken; the first between model 3 and 4 (Table 14), the second 

between model 4 and 5 (Table 14). This first examined the inclusion of MTU wrapping 

surfaces in the MAP Client-generated subject-specific models. The second examined 

the effect of MTU wrapping surface optimisation on MTU kinematics and pathways.  

For each model comparison pair (i.e., model 3 vs model 4), the superior model, for each 

MTU and each metric was determined by comparing the magnitude of each metric. For 
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each metrics, a smaller value was indicative of a more physiological MTU pathways 

and kinematics. Each comparison was coded as either (i) improved, (ii) worse, or (iii) 

no change, the count (i.e., number of occurrences) of each of the three options were 

summed for each MTU group (i.e., quadriceps, hamstrings and extras). These counts 

were then combined for all MTUs to determine overall model differences. For each 

MTU group and model (summed MTU group values), each MTU metrics was compared 

using proportion tests to determine if these differences were statistically significant 

using an online tool (Wessa P., (2016), Testing Population Proportion (p-value) (v1.0.3) 

in Free Statistics Software (v1.2.1), Office for Research Development and Education, 

URL http://www.wessa.net/rwasp_hypothesisprop2.wasp/). To calculate z-scores and p-

values, a null hypothesis of 50% was assumed and significance was set at p<0.05. With 

respect to MTU group comparisons, the total sample size was 48 (8 MTUs per group x 

6 subjects), for combined model comparisons the total sample was 144 (8 MTUs per 

group x 3 groups x 6 subjects). Using the previously calculated z-scores and p values, 

the dominate option (i.e., improved, worse, or no change) was identified and tested for 

statistical significance.  

Results 

Using the MAP Client framework, subject-specific bone geometries were reconstructed 

with accuracy superior compared to the linearly scaled OpenSim model geometries 

(Figure 47).  

When via points (model 3) were replaced with wrapping surfaces (model 4) the changes 

in MTU kinematic and pathway metrics were variable. For example, for participant 

M07 the inclusion of MTU wrapping surfaces improved bone MTU penetrations, MTU 

moment arm smoothness, and MTU moment arm gradient error (Figure 48, Table 16; 

Appendix 3: Table 39, 40; Figures 108-115). However, for participant M11 the 

inclusion of wrapping surfaces, bone MTU penetrations increased, and MTU moment 

arm and length smoothness values and moment arm gradient errors increased (Figure 

49, Table 17; Appendix 3: Table 47; Figures 140-143). Across all participants, there 

was no clear superiority in MTU kinematics and pathways when MTU via points were 

replaced with MTU wrapping surfaces (Table 15). Results for both moment arm 

polarity error, and the length smoothness measure showed a statistically significant 

portion of no change between the two models. This pattern was shown for each of the 

three MTU groups, as well as the all MTU comparison.  Also showing a statistically 

http://www.wessa.net/rwasp_hypothesisprop2.wasp/
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significant proportion for the no change option was the bone MTU penetration error for 

the extras MTU group, however for both the all and quadriceps group bone MTU 

penetration error showed a significant improvement in model 4 compared to model 3. 

The quadriceps MTU group showed a significant improvement in model 4 compared to 

model 3 with respect to MTU moment arm gradient error. However, both the 

hamstrings, and extras MTU groups showed significantly worse MTU moment arm 

gradient errors for model 4 compared to model 3. Although not statistically significant, 

more cases of improvements (compared to worse cases) in bone MTU penetration errors 

were observed when via points were replaced with wrapping surfaces. Similarly, 

although not statistically significant, more cases of improvements (compared to worse 

cases) in MTU moment arm smoothness were observed in all MTU groups. 

When comparing non-optimised (model 4) and optimised wrapping surfaces (model 5) 

(Table 16) results show model 5 is superior compared to model 4. Typically, both MTU 

smoothness (Figure 50; Table 19) and MTU moment arm gradient error (Figure 51; 

Table 20) improved following MTU wrapping surface optimisation (Appendix 3: Table 

30-32, 42-44; Figures 72-83, 120-131). Across all subjects, model 4 performed better in 

a number of different MTU metrics, although all differences did not reach statistical 

significance.  For all MTU groups, both MTU moment arm polarity errors and length 

smoothness showed no change in a significant proportion of cases. Similarly, both the 

quadriceps, hamstring, and all MTU groups showed no change in bone MTU 

penetration errors in a significant proportion of cases. Finally, the moment arm gradient 

error was reduced in a significant proportion of cases in all three MTU groups, as well 

as the all MTU group following MTU wrapping surface optimisation. Similar to the 

previous comparison, a number of non-significant trends were observed. These trends 

all indicated an improvement in the various MTU metrics. In all metrics except MTU 

moment arm smoothness, in all MTU groups, more cases of improvements (compared 

to worse cases) were observed following MTU wrapping surface optimisation. 

Additionally, MTU moment arm smoothness showed a non-significant higher number 

of cases of improvement for the hamstrings, and extras MTU groups.  
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Figure 47: Bone reconstruction accuracy for each of the lower limb bones shared between the linear scaled (blue circles) and MAP Client-

generated model (red triangle) where each marker represents one of the 6 participants considered in this study. Accuracy was assessed 

using root mean squared error (RMSE, mm) (top panel) and Jaccard index (%, volume similarity) (bottom panel). 
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Table 15. Summary comparison between MAP Client model with via points (model 3) and MAP Client model with fit wrapping surfaces 

(model 4). Displayed is the number of occurrences, for each MTU group and all combined MTUs, where the metric was either (+) 

improved, (-) worse, or (±) no change. For each MTU group, the sample size was 48 (8 MTUs x 6 subjects). For all combined MTUs the 

sample size was 144 (8 per group x 3 groups x 6 subjects).  Statistically significant differences are denoted using coloured cells where 

yellow indicates no change, green indicates an improvement, and red indicate a worse result. In cases of no statistically significant 

difference between either of the three options, the cells were left unshaded. 

Polarity  

penalty 

Bone MTU  

Penetration 

Length  

Smoothness 

Moment arm  

smoothness 

Moment arm  

gradient error 

+ - ± + - ± + - ± + - ± + - ± 

All MTUs 

1, 

0.7% 

20, 

13.9% 

123, 

85.4% 

71, 

49.3% 

16, 

11.1% 

57, 

39.6% 

10, 

6.9% 

10, 

6.9% 

124, 

86.1% 

53, 

36.8% 

48, 

33.3% 

43, 

29.9% 

66, 

45.8% 

78, 

54.2% 

0, 

0% 

Quadriceps MTU group 

0,  

0% 

0,  

0% 

48, 

100% 

42, 

87.5% 

0,  

0% 

6, 

12.5% 

0,  

0% 

0,  

0% 

48, 

100% 

23, 

47.9% 

13, 

27.1% 

12, 

25% 

42, 

87.5% 

6, 

12.5% 

0, 

0% 

Hamstrings MTU group 

1, 

2.1% 

9, 

18.8% 

38, 

79.2% 

23, 

47.9% 

10, 

20.8% 

15, 

31.3% 

6, 

12.5% 

5, 

4.2% 

37, 

77.1% 

18, 

37.5% 

18, 

37.5% 

12, 

25% 

12,  

25% 

36, 

75% 

0, 

0% 

Extras MTU group 

0, 

0% 

11, 

22.9% 

37, 

77.1% 

6, 

12.5% 

6, 

12.5% 

36, 

75% 

4, 

8.3% 

5, 

10.4% 

39, 

81.3% 

12, 

25% 

17, 

35.4% 

19, 

39.6% 

12,  

25% 

36, 

75% 

0, 

0% 

Where + represents an improvement from model 3 to model 4 , - represents a worse results from model 3 to model 4, and ± represents no 

change between models 3 and 4.  
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Figure 48: Semimembranosus MTU kinematic curves (length in top row, moment arm in bottom) for participant M07. Where black lines 

are generic gait2392 data, green lines are literature data, and red lines represent each tested model where each column represents a new 

model.   
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Table 16: The MTU metrics for semimembranosus for participant M07 where improvements to muscle penetration, smoothness, and 

average gradient error are seen when MTU via points (model 3) are replaced with wrapping surfaces (model 4). 

 

Model 

number 

Moment arm 

 polarity error 

Bone MTU  

penetration error 

Length 

smoothness 

Moment arm 

 smoothness 

Moment arm  

gradient error 

3 0 1 1.5 3.33 2536.17 

4 0 0 1.5 1.0 64.19 
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Figure 49: Sartorius MTU kinematic curves (length in top row, moment arm in bottom) for participant M11where black lines are generic 

gait2392 data, green lines are literature data, and red lines represent each tested model where each column represents a new model  
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Table 17: The MTU metrics for sartorius for participant M11 where detriments to muscle penetration, correlation, smoothness and average 

gradient error are seen when MTU via points (model 3) are replaced with wrapping surfaces (model 4) 

Model 

number 

Moment arm  

polarity error 

Bone MTU  

penetration error 

Length  

smoothness 

Moment arm  

smoothness 

Moment arm 

gradient error 

3 1 0 1.25 1.33 308.38 

4 1 1 1.25 116.67 992330.03 
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Table 18. Summary comparison between MAP Client model with fit wrapping surfaces (model 4) and MAP Client model with optimised 

wrapping surfaces (model 6). Displayed is the number of occurrences, for each MTU group and all combined MTUs, where the metric was 

either (+) improved, (-) worse, or (±) no change. For each MTU group, the sample size was 48 (8 MTUs x 6 subjects). For all combined 

MTUs the sample size was 144 (8 per group x 3 groups x 6 subjects).  Statistically significant differences are denoted using coloured cells 

where yellow indicates no change, green indicates an improvement, and red indicate a worse result. In cases of no statistically significant 

difference between either of the three options, the cells were left unshaded. 

Polarity penalty Muscle Penetration Length Smoothness Moment arm smoothness Moment arm gradient 

error 

+ - ± + - ± + - ± + - ± + - ± 

All MTUs 

23, 

16% 

5, 

3.5% 

116, 

80.6% 

48, 

33.3% 

3, 

2.1% 

93, 

64.6% 

28, 

19.4% 

9, 

6.3% 

107, 

74.3% 

62, 

43.1% 

37, 

25.7% 

45, 

31.3% 

141, 

97.9% 

3, 

2.1% 

0,  

0% 

Quadriceps MTU group 

0,  

0% 

0,  

0% 

48, 

100% 

5, 

10.4% 

2, 

4.2% 

41, 

85.4% 

13, 

27.1% 

0,  

0% 

35, 

72.9% 

14, 

29.2% 

14, 

29.2% 

20, 

41.7% 

48, 

100% 

0,  

0% 

0,  

0% 

Hamstrings MTU group 

9, 

18.8% 

4, 

8.3% 

35, 

72.9% 

16, 

33.3% 

1, 

2.1% 

31, 

64.6% 

9, 

18.8% 

4, 

8.3% 

35, 

72.9% 

27, 

56.3% 

13, 

27.1% 

8, 

16.7% 

46, 

95.8% 

2, 

4.2% 

0,  

0% 

Extras MTU group 

14, 

29.2% 

1, 

2.1% 

33, 

68.8% 

27, 

56.3% 

0,  

0% 

21, 

43.8% 

6, 

12.5% 

5, 

10.4% 

37, 

77.1% 

21, 

43.8% 

10, 

20.8% 

17, 

35.4% 

47, 

97.9% 

1, 

2.1% 

0,  

0% 

Where + represents an improvement from model 4 to model 6 , - represents a worse results from model 3 to model 6, and ± represents no 

change between models 4 and 6.  
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Figure 50: Sartorius MTU kinematic curves (length in top row, moment arm in bottom) for participant M02. Where black lines are generic 

gait2392 data, green lines are literature data, and red lines represent each tested model where each column represents a new model.   
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Table 19: The MTU metrics for sartorius for participant M02 where improvements to both MTU kinematic smoothness and pattern 

similarity were observed following MTU wrapping surface optimisation (model 5). 

Model 

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length 

smoothness 

Moment arm 

smoothness 

Moment arm 

gradient error 

4 1 1 1.25 33.33 343206.94 

5 1 0 1.25 1.33 2.24 
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Figure 51: Semimembranosus MTU kinematic curves (length in top row, moment arm in bottom) for participant M03. Where black lines 

are generic gait2392 data, green lines are literature data, and red lines represent each tested model where each column represents a new 

model.   
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Table 20: The MTU metrics for semimembranosus for participant M03 where improvements to MTU kinematic pattern similarity are 

observed following MTU wrapping surface optimisation (model 5). 

Model 

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length 

smoothness 

Moment arm 

smoothness 

Moment arm gradient 

error 

4 0 1 1.5 1.33 522.33 

5 0 0 1.5 1.33 5.16 
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Discussion 

This chapter aimed to design and test a framework for automated and tuned 

development of subject-specific musculoskeletal OpenSim models. This framework was 

built atop the MAP Client using further open-source software packages implemented in 

Python. Generally, our hypotheses were confirmed with one exception. The open-

source, automated and tuned framework developed in this chapter provides a reliable 

and fast (compared to previous manual model development) workflow for the rapid 

generation of tuned OpenSim musculoskeletal models. The highly automated and open-

source nature of the framework lends itself to many applications including personalised 

rehabilitation, virtual surgery outcome testing, and other clinical and sporting 

applications.  

The first hypothesis (H1) was confirmed, as the MAP Client reconstructed bone 

geometry more accurately compared to linear scaled alternatives in all cases. However, 

the RMSE and Jaccard index did not reach the accuracy of previous reports 

(Suwarganda et al., 2019; Zhang and Besier, 2017), where RMSE was reported to be 

~1.5 mm and Jaccard index of greater than 0.9 for the both the femur and pelvis. 

Average reconstruction RMSE from this research were 6.33 mm and 5.57 mm for the 

pelvis and femur, respectively. Jaccard index for the pelvis and femur bones was 0.39 

and 0.81, respectively. Although differences between results listed in literature reports 

and the current workflow results were notable, when each reconstructed bone 

geometries were overlayed, all bone geometries closely matched the MRI 

segmentations. Furthermore, reconstruction results was likely hindered by the methods 

used to assess reconstruction accuracy, as both measures (RMSE and Jaccard) are 

highly sensitive to surface irregularities, bone alignment, and surface discretisation. 

Comparing the surface of the MRI segmentation and MAP Client-generated bone, the 

latter is perfectly smooth as enforced by the penalty weight employed during fitting. 

Therefore, although occupying the same space, and being of the same shape and 

dimensions, small amounts of the MRI segmentation may lay outside/inside the MAP 

Client-generated bone (as a result of surface irregularities) resulting in increased 

accuracy errors. The adoption of recommendations by Suwarganda et al. (2019), not 

available when the current framework was developed, may provide a greater 

reconstruction accuracy in terms of quantitative results, but are unlikely to produce 

vastly different reconstructions from the MAP Client. As bone reconstruction accuracy 



 

200 

 

was not a primary outcome measure or aim of this research, no iterative testing of 

different workflows was performed, instead following the developers recommendations. 

However, potentially small gains in reconstruction accuracy are expected to have little 

to no effect on downstream estimations of MTU kinematics, although this remains to be 

conclusively illustrated in future work. 

The second hypothesis (H2) was partially confirmed, whereby in some instances the 

inclusion of wrapping surfaces improved MTU kinematics and pathways, but in others 

they were worsened. A number of the observed differences were not statistically 

significant. In fact in a number of cases a statistically significant proportion of MTU 

metrics showed no change between the tested models. Despite this, general patterns of 

improvements were observed but were not statistically significant and therefore should 

be interpreted with caution. A single statistically significant difference, whereby for the 

quadriceps and all MTU groups the number of bone MTU penetrations were improved 

with the inclusion of wrapping surfaces. The hamstrings MTU group, also showed a 

non-significant improvement with the extras MTU group showing no clear pattern. The 

improvements in both the quadriceps and the trend for hamstrings MTU groups to 

improve with respect to bone MTU penetration may be explained by the highly 

constrained nature of the quadriceps MTU pathways. Whereas, for the hamstrings, and 

more prominently the extras MTU group, this pathways is less constrained. The 

quadriceps MTU pathways are constrained by fixed via points on the base and apex of 

the patella, allowing for very little variation. Considering the hamstring muscle group, 

the MTU pathway is dramatically less constrained. To achieve the appropriate pathway, 

highly specific wrapping surfaces are required to be placed to ensure the MTU remains 

anchored close to the posterior surface of the distal femur, while simultaneously 

producing adequate shortening. The placement of initial wrapping surfaces, while 

approximating an appropriate position, may produce bone MTU penetrations. This 

problem is further highlighted with respect to the extras group, in particular the sartorius 

where producing the appropriate pathway is further complicated by its anatomy. The 

sartorius pathway from the lateral side of the pelvis to the medial side of the tibia must 

not only be constrained to pass anterior to the proximal femur,  posterior to the distal 

femur, but must also insert to the medial side of the tibia at an appropriate position. 

These complex pathways introduce variability and potentially explain why bone MTU 

penetrations are not always reduced in these MTU groups. As the MTU kinematics are 

highly sensitive to the MTU pathway (Sherman et al., 2013), these errors and variability 
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may explain other observed patterns. Although a significant proportion of cases showed 

no change in MTU moment arm polarity, there was a trend for this metric to become 

worse following the introduction the MTU wrapping surfaces.  This may again be 

explained by the potential misplacement of MTU wrapping surfaces initially fit to 

subject-specific bone geometry. All remaining metrics, i.e., length smoothness, moment 

arm smoothness, and moment arm gradient error showed either no significant 

differences between all groups or a significant proportion of no change between the two 

models. Although these results did not provide improvements in all metrics, this was 

somewhat expected due to automated nature of MTU wrapping surface fitting. 

Although the size and position of these surfaces likely approximate appropriate 

positions, due to individual anatomical variation, this could not be guaranteed. 

However, the improvements shown with respect to bone MTU penetration and the trend 

for other metrics to improve provided confidence in the developed framework. The 

tuning of MTU wrapping surfaces performed via optimisation to account for individual 

anatomical variations provided further improvements to the developed models. 

The third hypothesis (H3) was largely confirmed with a majority of MTU metrics 

showing improvements after MTU wrapping surface optimisation. Again, a number of 

the improvements observed were not statistically significant and as such must be 

interpreted with caution. The only MTU metrics which showed a statistically significant 

improvement in the optimised model was MTU moment arm gradient and was observed 

for all three MTU groups as well as the all MTU group. The MTU moment arm polarity 

error, bone MTU penetration, and length smoothness all showed a significant proportion 

of no change cases between the two models. Despite this, a non-significant trend of 

improvement following optimisation was observed for all MTU groups. Similarly, 

MTU moment arm smoothness showed no statistically significant proportion of cases of 

either improvement, worse, or no change. A non-significant proportion of 

improvements was however observed for the hamstrings, extras and all MTU groups 

with the quadriceps MTU group showing an equal distribution of worse and improved 

cases. Although MTU moment arm smoothness was included explicitly within the 

optimisation, and therefore should have decreased, as the optimisation minimises a 

single weighted value, a reduction in all MTU metrics was not always achieved. In a 

number of cases where worse MTU moment arm smoothness was observed, these 

changes were often small and coupled with much larger reduction in other metrics (i.e., 

MTU moment arm gradient error).  
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Although for both comparisons, a number of differences were statistically non-

significant, the trends for improvements were promising.  Importantly, there were no 

cases that showed a statistically significant results or trends towards worse results 

following optimisation, providing confidence in the developed framework. Including a 

larger number of participants within this study framework may potentially push these 

positive trends to significant results however this remains to be conclusively shown.  

Although optimisation largely had the desired effect, some particular MTUs still 

produce less than optimal solutions. Particularly the gastrocnemii MTUs often exhibit 

polarity errors at the end range of motion, even after optimisation. To produce MTU 

moment arms and lengths whose pattern is consistent with previous data, they must 

shorten throughout TFJ flexion. Due to geometrical constraints caused by the simplified 

TFJ model this was not always achieved. When both the linear scaled generic and MAP 

Client-generated OpenSim models are flexed ≥80° of TFJ flexion, the cause becomes 

apparent (Figure 52). The MAP Client model tibia is translated more superiorly with 

respect to the gastrocnemii attachment points (which lay atop the femoral condyles) 

compared to the generic gait2392 model. With wrapping surfaces positioned ideally on 

the proximal tibia to prevent MTU penetration into the femur and tibia. The presence of 

this wrapping surfaces means the gastrocnemius MTUs take a more highly curved 

pathway within the MAP Client model (compared to the generic model) to prevent 

penetration at ≥80º of TFJ flexion. This creates a scenario where, due to increased 

wrapping, the gastrocnemii MTUs lengthen. This lengthening, switches the length 

gradient and subsequently the moment arm polarity (i.e., positive or negative) of the 

gastrocnemius MTUs. Although presenting as an error within the MTU kinematic 

curves, the solution to this problem is reliant on a more accurate TFJ model (rather than 

a change to wrapping surfaces), whereby the tibia does not translate as high during deep 

TFJ flexion.  
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Figure 52: Right TFJ of the (A) generic gait2392 model and (B) MAP Client-generated 

model at 100º of TFJ flexion. Note the higher amount of tibial superior translation in 

(B) the MAP Client-generated model . 

The inclusion of non-optimised wrapping surfaces produced mixed results for a number 

of tested MTU metrics where in a statistically significant number of cases, showed no 

change between the two models. The exception was bone MTU penetration, where 

improvements were shown for the quadriceps and all MTU groups. Despite these 

results, non-significant trends towards improved MTU metrics were observed. 

Following MTU wrapping surface optimisation a number of metrics again showed a 

statistically significant larger proportion of no change between the two models. The 

exception to this MTU moment arm gradient error which significantly improved in all 

MTU groups. Despite the significant proportion of no change between the two models, 

a larger proportion of cases showed improvement compared to worse results in all 

remaining MTU metrics. 

The designed MTU wrapping surface optimisation consistently showed superior results 

in all metrics which were explicit within the optimisation. Particularly, moment arm 

polarity, bone MTU penetration errors, and MTU moment arm gradient errors showed 

the most consistent improvement. While most MTUs showed consistently acceptable 

results, the gastrocnemii MTUs typically showed polarity errors due to limitations of the 

TFJ models used within the MAP Client-generated OpenSim models. To overcome the 

errors within the gastrocnemii MTU kinematics, subject-specific closed chain joint 

mechanisms could be employed to estimate physiologically feasible 6 DOF TFJ and 

PFJ motions. In addition to potentially improving gastrocnemii MTU kinematics by 

changing the articular mechanisms, previous studies have highlighted the coupling 

between TFJ models and the resulting MTU kinematics (Navacchia et al., 2017). The 

inclusion of these more physiological joint motions may provide further improvements 
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in MTU kinematics. Along with this shortcoming, the developed framework has a 

number of limitations which must be considered. 

The primary limitation within the implemented framework was it only considered MTU 

kinematics with respect to a single DOF, TFJ flexion/extension. However, some TFJ 

MTUs are biarticulate (e.g., rectus femoris, semitendinosus, etc.). This means, that 

while for the considered joint DOF the MTU kinematics closely follow the pattern of 

cadaveric literature data, when other joint DOFs are mobilised the resulting MTU 

kinematics may still present with discontinuities or patterns dissimilar to previous 

reports. While this is acknowledged as a potential limitation, as the designed framework 

was the first of its kind, the decision to evaluate the framework on a single DOF was 

made. Future work will extend this framework to consider the DOFs from different 

joints (e.g., hip and knee) simultaneously within the tuning process. This single DOF 

limitation also extends to uniarticulate MTUs as these MTUs may produce moments in 

multiple DOFs (e.g., abduction/adduction). With respect to the TFJ, only a single 

rotational DOF was present in the OpenSim model due to limitations in estimating other 

DOFs (Benoit et al., 2006). If these DOFs can confidently be estimated, the MTU 

kinematics with respect to these DOFs must also be tuned. This limitation will also be 

addressed in future work where multiple joints and multiple joint DOFs can be tuned in 

a single optimisation. The extension of this framework to other TFJ DOFs; however, 

may be hampered by a lack of literature reporting TFJ abduction/adduction and 

internal/external rotation moment arms.  

The second limitation within this research is the methods used to define fixed MTU 

origin and insertion points. While the methods (Zhang et al., 2015) used to define these 

points uses an atlas-based method similar to previous studies (Modenese et al., 2018; 

Scheys et al., 2009), the resulting MTU origin and insertion point have not been 

validated. These misplaced origin and insertion points may produce errors in the 

reported MTU length magnitude. However, as the MTU origin and insertion points 

were identical between explicitly compared models (models 3, 4, and 5), the potential 

effect is negligible with respect to the presented results. Additionally, the intermediate 

MTU pathway was assumed to have a larger effect on estimated lengths and moment 

arms compared to the fixed origin and insertion points. 

The final limitation within this chapter is the use of a single DOF TFJ along with a fixed 

PFJ. Although the simplified joint models are consistent with previous OpenSim models 

(Delp et al., 2007), the kinematics of the TFJ and PFJ may not represent those seen in-
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vivo. The use of more complex TFJ and PFJ kinematics models (Brito da Luz et al., 

2017; Smale et al., 2019) using subject-specific anatomy may better represent subject-

specific TFJ and PFJ kinematics. Due to the previously reported coupling between joint 

kinematics and MTU kinematics (Navacchia et al., 2017) the estimated MTU lengths 

and moment arms may be incorrect. Although this is acknowledged as a potential 

limitation, as the MTU lengths and moment arms were not used in any further 

simulations the effect of joint model was minimised. Nevertheless, the reported MTU 

lengths and moment arms may be inaccurate due to this methodological limitation.  

The framework developed in this chapter represents a significant contribution to the 

field of subject-specific musculoskeletal modelling. This was the first study which used 

the MAP Client framework for the development of subject-specific models and assessed 

their suitability for subsequent musculoskeletal simulations. Previous research using the 

MAP Client has focussed primarily on assessing the accuracy of bone reconstructions 

(Suwarganda et al., 2019; Zhang et al., 2015), as well as their ability to reconstruction 

anatomical landmark positions (Bahl et al., 2019). In addition to using the framework, a 

number of improvements and additions were made using the MAP Client architecture. 

Most prominently, the definition of MTU intermediate pathways. These developments, 

will be released as open-source plugins for the MAP Client to facilitate the use of these 

methods by the wider research community. In addition to overcoming issues in the 

current MAP Client framework, the proposed framework overcomes a number of issues 

relating to the current subject-specific modelling methods. A number of processes 

which have previously been completed manually, are automated within this framework, 

reducing the time demands and subjectivity associated with generating these models. 

Additionally, previous studies have used subject-specific models for muscle driven 

simulation, but, to date, none of these studies present a comprehensive framework for 

the validation of the resulting MTU kinematics, a feature explicit within this research. 

This research sets the framework for a number of future additions and applications 

which are detailed in following chapters. 

The developed methods address previous shortcomings of both the MAP Client 

framework and other modelling methods (Valente et al., 2017), although one important 

shortcoming is still present. Simplified joint models for both the TFJ and PFJ 

potentially contribute to remaining errors within the MTU kinematics. Accurate joint 

models will be incorporated in the final chapter whereby the final subject-specific 

OpenSim models are generated. 
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Chapter 6: Creating OpenSim 

musculoskeletal models with subject-

specific MTU pathways and joint 

mechanisms 

 

This chapter is to be submitted as a standalone manuscript to Computer Methods in 

Biomechanics and Biomedical Engineering as: 

 

Killen, B.A., Brito da Luz, S., Lloyd, D.G., Saxby, D.J., Creating OpenSim 

musculoskeletal models with subject-specific MTU pathways and joint mechanisms. 

Computer Methods in Biomechanics and Biomedical Engineering. 
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Introduction 

Previous methods to personalise musculoskeletal models have typically used linear 

scaled versions of generic OpenSim models (Delp et al., 2007; Rajagopal et al., 2016). 

While these linear scaled models provide a rapid and convenient solution, the accuracy 

of the models to represent subject-specific musculoskeletal anatomy is limited (Kainz et 

al., 2017a). As subject-specific geometry has been previously shown to affect gait 

simulations (Gerus et al., 2013), models containing subject-specific anatomy are 

becoming more popular. Although previous research has included subject-specific bone 

geometries in musculoskeletal models (Kainz et al., 2017a; Modenese et al., 2018; 

Wesseling et al., 2016a) these models lack a thorough validation of MTU pathways 

along with MTU kinematics. Previously, we developed and tested a framework in the 

Musculoskeletal Atlas Project (MAP) Client for the automated and tuned generation of 

subject-specific MTU pathways which are physically feasible (Chapter 5). These MTU 

pathways also yield physiologically feasible MTU kinematics, a vital component if 

these models are to be confidently used for clinical and industry bases applications. 

Although the developed methods (Chapter 5) represent a major development within the 

field of subject-specific musculoskeletal modelling, a personalised feature of subject-

specific models was still absent. Specifically the tibiofemoral and patellofemoral joint 

(PFJ) models used within the standard MAP Client. 

The standard tibiofemoral joint (TFJ) within the MAP Client are simplified with respect 

to the permitted degrees of freedom (DOFs) and lack robust personalisation. 

Specifically, the TFJ permits flexion/extension rotations with personalised 

superior/inferior and anterior/posterior translations, with the remaining DOFs 

(adduction/adduction, internal/external rotation, and medial/lateral translation) locked at 

0. In addition to a simplified TFJ, the PFJ is also highly simplified, its position is fixed 

within the tibia body’s local coordinate frame, and therefore no independent movement 

was permitted. While these solutions are consistent with previous literature (Killen et 

al., 2018a; Konrath et al., 2017; Lenton et al., 2018; Saxby et al., 2016a; Saxby et al., 

2016b), the kinematics calculated from these models are unlikely to reflect those seen 

in-vivo where both the TFJ and PFJ are complex joints with a combined 12 DOFs. 

Although primary kinematics (i.e., flexion/extension) can be confidently measured 

using three-dimensional (3D) motion capture (MOCAP), secondary (i.e., 

abduction/adduction and internal/external rotations), and tertiary (i.e., anterior/posterior, 
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superior/inferior, and medial/lateral translations) cannot be confidently estimated using 

these traditional methods (Benoit et al., 2006). Importantly, the inclusion of 

personalised TFH, for example, with 6 DOF kinematics has a significant effect on MTU 

kinematics (Navacchia et al., 2018) and joint contact loads (Marouane et al., 2017). 

 In light of these limitations, a number of solutions have been used for creating 

personalised TFJ and PFJ kinematics for use in musculoskeletal modelling. These 

include a fixed hinge axis (Kainz et al., 2017a; Modenese et al., 2018), moving hinge 

axis (Dzialo et al., 2018), and close chain joint mechanisms (Brito da Luz et al., 2017; 

Smale et al., 2019).  

Closed chain joint mechanisms were originally described for cadaveric joints (Di 

Gregorio and Parenti-Castelli, 2003; Feikes et al., 2003; Ottoboni et al., 2010; Parenti-

Castelli and Di Gregorio, 2000; Wilson and O'Connor, 1997). Later, these mechanisms 

were implemented for live subjects, using magnetic resonance imaging (MRI) 

segmentations (Brito da Luz et al., 2017; Smale et al., 2019). These mechanisms enable 

the estimation of in-vivo subject-specific TFJ and PFJ kinematics (Brito da Luz et al., 

2017) and account for 6 DOFs for each joint (i.e., three translations and three rotations). 

As the joint mechanism solution is based on subject-specific TFJ and PFJ geometry, the 

resulting TFJ and PFJ kinematics are unique to the individual. 

Subsequently this chapter aimed to first define subject-specific TFJ and PFJ closed 

chain kinematic mechanisms which describe secondary and tertiary kinematics of the 

TFJ (abduction/adduction, internal/external rotations and all translations) and all DOFs 

of the PFJ. The second aim was to incorporate these joint mechanisms into the already 

generated OpenSim models (Chapter 5, Model 4). Last, to use these models, within the 

previously developed framework (Chapter 5) to produce a subject-specific OpenSim 

model with optimised joint mechanisms and MTU wrapping surfaces. The final model 

produced contains subject specific bone geometries, joint models optimised to function 

as isometric closed-chain mechanism defined with subject-specific geometries, and 

MTU wrapping surfaces optimised to produce physiological MTU kinematics. 

Subsequently, the following hypotheses were developed. The first hypothesis (H1) the 

MTU kinematics would be improved following MTU wrapping surface optimisation. 

Second it was hypothesised (H2) that the inclusion of subject-specific joint mechanisms 

within the MAP Client-generated models, once optimised, would produce MTU 
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kinematics superior to those within the optimised models containing simplified joint 

models (Chapter 5).  

Methods 

Subject-specific closed chain joint mechanisms were built using the bone geometries 

previously generated through the MAP Client, and augmented by data from further 

manual MRI segmentations. 

Magnetic resonance imaging acquisition and segmentation 

In addition to axial scans of the entire lower limb used to reconstruct full lower limb 

bones (Chapter 5), dedicated TFJ and PFJ scans were also acquired. Specifically, 3D 

proton density 16 channel sequences were acquired from the level of the mid-thigh to 

below the tibial tuberosity. Images were acquired in a single station of ~440 slices with 

a slice thickness of 0.6 mm and a 0.3 mm intersection gap. Images were used to 

segment the distal femur, proximal tibia, and patella bone, femoral, tibial, and patella 

cartilages surfaces, the anterior cruciate ligament (ACL), posterior cruciate ligament 

(PCL), and medial collateral ligament (MCL) (Figure 53). 

 

Figure 53: (A) Coronal view of dedicated TFJ scan, (B) manually segmented “masks” 

representing the femoral and tibial cartilage, ACL, PCL, MCL, menisci, and sections of 

the femur and tibia bones, and (C) 3D objects representing the masks displayed in (B) 

with the addition of the patella and patellofemoral cartilage surface. 

Joint mechanism formulation 

The current study used personalised TFJ and PFJ mechanisms created from participant 

MRIs (Brito da Luz et al., 2017). To do so the anatomical structures of interest (i.e., 

bones, cartilage, and three ligaments) were segmented from the dedicated TFJ and PFJ 
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MRI scan described above. Segmentations were then imported into 3-matic (Materialise 

NV, Leuven, Belgium), where surfaces and landmarks necessary to define the closed 

chain mechanisms for the TFJ and PFJ were manually identified (Table 21). Two 

separate MRI sequences (i.e., full lower limb and dedicated TFJ scans) were used to 

acquire relevant anatomical data with two different image coordinate systems. 

Consequently, segmentations from the dedicated TFJ scan, along with the marked 

points and surfaces, had to be registered to the MAP Client-generated bones, which 

shared the coordinate system from the full lower limb MRI scan. This registration was 

necessary to ensure the resulting outputs from the TFJ and PFJ mechanisms were in the 

same global coordinate system as the MAP Client-generated bone and consequently, 

OpenSim model. Registration consisted of two steps that used inbuilt 3-matic tools 

(Figure 54), and was repeated for each bone (femur, tibia, and patella). The MAP 

Client-generated bone reconstructions and MRI segmentations (of the dedicated TFJ 

scan with marked points and surfaces) were imported in 3-matic from the appropriate 

stereolithograph (STL) files. First, segmentations from the dedicated TFJ scan were 

manually transformed (i.e., translated and rotated) to crudely align the segmentation to 

the MAP Client-generated bone. Second, once crudely aligned, a least squared global 

registration was performed. As marked points and surfaces are rigidly associated with 

their respective bones, they were registered along with the entire bone geometry to the 

relevant MAP Client-generated bone. Once registered, the anatomical surfaces were 

exported as standard STL file format and the anatomical points in standard mark-up 

language file format. 



 

212 

 

 

Figure 54: Dedicated TFJ scan bone (dark grey) and cartilage (light grey) segmentations, and MAP Client-generated bone geometries 

(cream) when (A) initially imported, (B) crudely registered,  and (C, D) following least squares registration. 
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Table 21: Anatomical points and surfaces used for the definition and optimisation of 

TFJ and PFJ mechanisms. 

Input name Anatomical description 

Fem_LatEPI The lateral femoral epicondyle 

Fem_MedEPI The medial femoral epicondyle 

Fem_notch The notch on the posterior side of femur, approximately midway 

between the medial and lateral femoral epicondyles 

Hip Surface of the femoral head 

MedFemwithCart Tibial articulating surface of the medial femoral cartilage 

LatFemwithCart Tibial articulating surface of the lateral femoral cartilage 

FemACL Femoral attachment region of the anterior cruciate ligament 

FemPCL Femoral attachment region of the posterior cruciate ligament 

FemMCL Femoral attachment region of the medial collateral ligament 

Surf1 Patella articulating surface of the medial femoral cartilage 

Surf2 Patella articulating surface of the lateral femoral cartilage 

B_Pat Most inferior aspect on the patella 

T_Pat Most superior aspect on the patella 

M_Pat Most medial aspect on the patella 

L_Pat Most lateral aspect on the patella 

Patella_mid_ridge The superior aspect on the medial side of the ridge on the posterior 

side of the patella cartilage 

Pat_PTLig Patella tendon attachment region on the patella 

TJC Midpoint between the medial and lateral spines of the tibial plateau 

Lat_apice Most inferior and lateral aspect on the fibula 

Med_apice Most inferior and medial aspect on the fibula 
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Table 21 continued : Anatomical points and surfaces used for the definition and 

optimisation of TFJ and PFJ mechanisms. 

Input name Anatomical description 

MedTibwithcart Femoral articulating surfaces of the medial tibial cartilage 

LatTibwithcart Femoral articulating surfaces of the lateral tibial cartilage 

TibACL Tibial attachment region of the anterior cruciate ligament 

TibPCL Tibial attachment region of the posterior cruciate ligament 

TibMCL Tibial attachment region of the medial collateral ligament 

Tib_PTLig Patella tendon attachment region on the tibia 

 

Inputs were used within custom written MATLAB (Mathworks, Massachusetts, USA) 

software  to estimate TFJ and PFJ rotations and translations as function of the primary 

kinematic value, i.e., TFJ flexion angle (Brito da Luz et al., 2017). The TFJ was 

modelled as a 5 rigid-link closed chain mechanism (Figure 55) with 4 spheres (fit to the 

medial and lateral femoral and tibial articulating surfaces) (Figure 55B), which slide and 

roll over each other as the TFJ flexes. The rotations and translations of these spheres 

(and underlying bone) are constrained by three rigid isometric ligaments, representing 

the ACL, PCL, and MCL. These ligaments, along with two rigid links between the 

centres of tibial and femoral spheres (both medial and lateral) combine to construct a 5 

rigid-link system. All links are isometric, meaning they maintain a constant length 

during TFJ motion. As a consequence, the system is extremely stiff numerically, small 

errors in segmentation or identification of the relevant anatomical structures may mean 

that the closure equations for the mechanism cannot be solved. To resolve this inherent 

issue, the geometric parameters which govern the length, position and size of these 

ligaments and spheres (Table 21) were refined through an optimisation. This 

optimisation aimed to find a set of geometric parameters which satisfy the physical 

conditions of the system, while simultaneously respecting physiological motion. i.e., 

maximise the correlation between the predicted kinematics and previously published 

cadaveric data (Anglin et al., 2008; Ottoboni et al., 2010; Sancisi and Parenti-Castelli, 

2011). The conditions for a valid TFJ solution were: (i) the tibial and femoral spheres 

do not penetrate, and (ii) the range of motion in the secondary kinematics 



 

215 

 

(abduction/adduction and internal/external rotation) do not go beyond previously 

published ranges (Anglin et al., 2008; Ottoboni et al., 2010; Sancisi and Parenti-Castelli, 

2011). 

 

Figure 55: (A) An example of a TFJ mechanism model created from a segmented MRI 

including bones, cartilage, and ligament paths (red lines joining centroids of origin and 

insertion areas). (B) An example of two spheres fitted to the medial articulating surface 

of the tibia (red) and femur (blue). Similarly, spheres were fitted to lateral femoral and 

tibial articulating surfaces. 

The optimisation method used to achieve was Multiple Objective Particle Swarm 

Optimisation (MOPSO) (Multi-Objective Particle Swarm Optimization (MOPSO), 

Yarpiz, https://au.mathworks.com/matlabcentral/fileexchange/52870-multi-objective-

particle-swarm-optimization-mopso). The MOPSO perturbs the provided initial input 

parameters, attempts to solve these joint mechanisms, and then evaluates the validity of 

the solutions. The optimisation is similar to the particle swarm optimisation utilised 

within the MTU wrapping surface optimisation (Chapter 5), however, instead of a 

returning a single objective function, the MOPSO returns values for multiple objectives. 

Each solution, derived from each iteration of the optimisation is tested with a number of 

exit flags which indicate the presence of specific non-physiological solutions (Table 

22), as well as calculating the correlation with previously reported curves for TFJ and 

PFJ secondary kinematics from literature. 

The MOPSO returns a number of different solutions, each of which satisfied the 

physical constrains imposed on or by the mechanism. Each of the MOPSO solutions 

https://au.mathworks.com/matlabcentral/fileexchange/52870-multi-objective-particle-swarm-optimization-mopso
https://au.mathworks.com/matlabcentral/fileexchange/52870-multi-objective-particle-swarm-optimization-mopso
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was then used to define a series of functions (i.e., splines) that described the complete 

subject-specific TFJ motion as a function of TFJ flexion. Once the set of TFJ 

mechanism solutions were determined, for each TFJ solution the PFJ mechanism was 

solved. 

The PFJ was modelled as a hinge joint (Brito da Luz et al., 2017; Sancisi and Parenti-

Castelli, 2011) constrained by a single isometric link representative of the patella tendon 

which inserts onto the tibial tuberosity. The hinge axis is defined using two spheres fit 

to the patellofemoral articulating surfaces (i.e., Surf1 and Surf2) (Brito da Luz et al., 

2017). The vector connecting the centre of these two spheres was used to define the 

hinge axis, about which the patella rotated. Finally, the patella was connected to the axis 

with a single rigid link that constrained the patella’s motion to track the middle of 

intercondylar groove. Similar to the TFJ mechanism, MOPSO was used to solve the PFJ 

mechanism with the aim of maximising the correlation with literature values and 

avoiding non-physiological features (Table 22). 

After the final solutions were found for the TFJ and PFJ mechanisms, their secondary 

and tertiary kinematics could be expressed as a function (i.e., interpolating splines) of 

TFJ flexion. Although, these splines were expressed using local body coordinate frames 

consistent with previous literature (Sancisi and Parenti-Castelli, 2011), they were not 

consistent with the coordinate frames of the MAP Client-generated OpenSim models. 

Therefore, each solution was transformed into the appropriate coordinate frame using 

custom written MATLAB and Python scripts.  

As previously stated, the MOPSO yields a number of different solutions for both the 

TFJ and PFJ, each of which satisfy the physical constraints of a rigid linked closed 

chain joint mechanism. Thus, all MOPSO solutions are theoretically feasible. However, 

a unique solution was needed with a mathematical rationale for the selection of the final 

mechanisms. In the previous implementation, this solution was based purely on 

identifying the solution with the maximum correlation to cadaveric data. However, due 

to the coupling of TFJ kinematics with MTU kinematics (Navacchia et al., 2017), the 

solution with the highest TFJ kinematic correlation may not be the most appropriate 

solution with respect to MTU kinematics. Different to the original implementation new 

methods were designed and implemented related to the choice of the most appropriate 

TFJ and PFJ solution.  
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Table 22: List of the non-physiological features in the subject-specific TFJ and PFJ 

mechanism as detected in the MOPSO. Each non-physiological feature was identified 

by an exit flag in MOPSO. 

Exit flag Description of non-physiological solution 

Tibiofemoral joint 

1000 Violates the defined range of motion deemed acceptable taken 

from previous cadaveric studies (Anglin et al., 2008; Ottoboni et 

al., 2010; Sancisi and Parenti-Castelli, 2011). For the TFJ: 

adduction/abduction <12º, internal/external rotation <35º and 

medial/lateral translation <9 mm  

2000 The solution contains a discontinuity defined based on the second 

derivative of the prescribed joint kinematics 

3000 No solution was found for the specified input parameters 

4000 The fitted tibial spheres fit < 95% within the specified tibial 

surfaces, indicating penetration 

Patellofemoral joint 

1000 No solution was found for the specified input parameters 

1000 The fitted spheres fit < 95% within the specified tibial surfaces, 

indicating penetration 

Pilot testing showed that numerous TFJ solutions satisfied the closed chain mechanism 

constraints (for a single participant’s input parameters) but resulted in highly variable 

TFJ kinematics and therefore highly variable MTU kinematics (Figure 56). This meant 

that MTU kinematics were highly sensitive to TFJ mechanism solutions, so selecting 

the appropriate physiological TFJ mechanism was based on physiological MTU 

kinematics. To this end, for each TFJ solution a single PFJ solution was chosen (from 

the various PFJ solutions returned from the MOPSO) that had the greatest correlation 

between modelled and cadaveric joint kinematics. The selection of PFJ solution was 

based on further pilot testing that showed different PFJ solutions, for a given TFJ 

solution, yield similar PFJ kinematics and MTU kinematics (Figure 57). This means 

that the MTU kinematics were insensitive to the various physically sound and 



 

218 

 

physiologically feasible PFJ kinematics generated by the MOPSO. For this reason, for 

each TFJ solution a single PFJ solution was tested to determine the overall most 

appropriate solution for each participant.  

To determine the most appropriate solution, each TFJ solution and its corresponding 

PFJ solution were added to the respective participant’s MAP Client-generated OpenSim 

model, yielding a unique OpenSim model for each TFJ solution. Once the models had 

been created, selected MTU (rectus femoris, vastus medialis, vastus lateralis, 

semimembranosus, biceps femoris long head, and medial gastrocnemius) kinematics 

were tested using the objective functions used within the MTU wrapping surface 

optimisation (Chapter 5). The weighted evaluation of each MTU was summed for each 

model to produce a weighted value for each model (and subsequently TFJ and PFJ 

solution). The model, and therefore TFJ and PFJ solutions with the lowest weighted 

value, was then selected as the most appropriate for that participant. The previously 

developed MTU wrapping surface optimisation (Chapter 5) was then run to generate the 

final subject-specific rigid body musculoskeletal OpenSim model. 

The MTU metrics and kinematics for 7 models for each participant (Figure 58: Figure 

59: Table 23) were assessed. As done previously (Chapter 5), MTUs were split into 

three distinct groups and the average ± standard deviation calculated for each metrics. 

Only specific examples of commonly observed patterns will be presented below while 

full results are presented in Appendix 3. Although full quantitative results are only 

detailed in the relevant appendix, comparisons of interest are detailed in a representative 

table for each comparison. 

As a number of the 7 models presented in this chapter were identical to those generated 

previously (Chapter 5), only specific models were compared within this chapter. Two 

comparisons were of interest within this chapter, the first between models 5 and 7 which 

evaluates the effectiveness of the MTU wrapping surface optimisation on models with 

subject-specific TFJ and PFJ kinematics. The second comparison was between models 6 

and 7, where both models contained optimised MTU wrapping surfaces but different 

TFJ and PFJ kinematics. This comparison was to determine if the inclusion of subject-

specific TFJ and PFJ kinematics (model 7) improved MTU kinematics compared to a 

model with simplified joint kinematics (model 6). The methods used to detect statistical 

significant differences were identical to those presented in the previous chapter (Chapter 

5). 
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Figure 56: A typical participant’s MTU kinematics of selected quadriceps and hamstrings for different TFJ mechanism solutions output 

from the MOPSO. Plotted data are, the generic gait2392 model (black) and cadaveric literature data (green). Other plotted curves represent 

the different MAP Client-generated OpenSim models containing a unique TFJ mechanism solution output from the MOPSO.  
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Figure 57: A typical participant’s MTU kinematics of selected quadriceps and hamstrings for different PFJ mechanism solutions output 

from the MOPSO. Plotted data are, the generic gait2392 model (black) and cadaveric literature data (green). Other plotted curves represent 

the different MAP Client-generated models, which share one TFJ mechanism solution, but different PFJ mechanism solutions output from 

the MOPSO. 
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Table 23: Explanations of each of the 7 models developed as part of this chapter. 

 

Figure 58: Symbolic representations of each of the 7 models used for comparison and 

validation of MTU kinematics. (1) Is a linear scaled gait2392 model, (2) is the model 

from the standard MAP Client framework, (3) contains MTU via points morphed using 

the described vector morphing method, (4) is the model with fit wrapping surfaces, (5) 

is model 4 but with subject-specific TFJ and PFJ joint models, (6) is model 4 but with 

optimised wrapping surfaces, and model (7) is model 5 with optimised wrapping 

surfaces. Note that in all models excluding models 6 and 7, MTU kinematic 

discontinuities may be present as wrapping surface placement is not optimised. These 

discontinuities are are corrected through the designed optimisation.  

Model 1 Linear scaled gait2392 model 

Model 2  Standard MAP Client workflow with HMF via points 

Model 3  Model 2 with morphed via points using vector method (Carleton, 2018) 

Model 4  Model 3 where via points have been replaced with wrapping surfaces 

Model 5  Model 3 with subject-specific TFJ and PFJ mechanisms implemented 

Model 6  Model 4 following MTU wrapping surface optimisation 

Model 7  Model 5 following MTU wrapping surface optimisation 
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Figure 59: Schematic representation of the workflow used within this chapter. Also detailed is each of the development steps implemented 

and the indication of each models position along the development workflow. 
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Results  

First, the MTU wrapping surface optimisation framework was evaluated on models with 

subject-specific joint mechanisms (Table 24). Similar to previous work (Chapter 5), a 

number of metrics showed a significant proportion of no change cases between the two 

models following optimisation. The exception was the MTU moment arm gradient error 

which, across all MTU groups and all MTUs showed a significant proportion of cases 

which improved following optimisation. While the polarity penalty showed a significant 

proportion of no change cases for the all, quadriceps, and extras MTU group, in these 

groups a larger proportion (albeit not significant) of improvements (compared to worse 

cases) were shown following optimisation. Similarly, bone MTU penetrations error 

showed a significant proportion of cases which showed no change for the quadriceps, 

hamstrings, and all MTU groups. However, again, a larger non-significant proportion of 

cases showed improvement (compared to worse cases) following MTU wrapping 

surface optimisation. Finally, no significant proportion was found with respect to the 

MTU moment arm smoothness measure, however, a larger non-significant proportion of 

cases showed improvement (compared to worse cases) following MTU wrapping 

surface optimisation. 

 

.
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Table 24. Summary comparison between MAP Client model with fit wrapping surfaces and joint mechanisms (model 5) and MAP Client 

model with optimised wrapping surfaces and joint mechanisms (model 7). Displayed is the number of occurrences, for each MTU group 

and all combined MTUs, where the metric was either (+) improved, (-) worse, or (±) no change. For each MTU group, the sample size was 

48 (8 MTUs x 6 subjects). For all combined MTUs the sample size was 144 (8 per group x 3 groups x 6 subjects).  Statistically significant 

differences are denoted using coloured cells where yellow indicates no change, green indicates an improvement, and red indicate a worse 

result. In cases of no statistically significant difference between either of the three options, the cells were left unshaded. 

Polarity penalty Muscle penetration Length smoothness Moment arm smoothness Moment arm gradient 

error 

+ - ± + - ± + - ± + - ± + - ± 

All MTUs 

25, 

17.4% 

4, 

2.8% 

115, 

79.9% 

45, 

31.3% 

10, 

6.9% 

89, 

61.8% 

26, 

18.1% 

18, 

12.5% 

100, 

69.4% 

71, 

49.3% 

29, 

20.1% 

44, 

30.6% 

135, 

93.8% 

9, 

6.3% 

0, 

 0% 

Quadriceps MTU group 

1,  

2.1% 

1,  

2.1% 

46, 

95.8% 

9, 

18.8% 

4, 

8.3% 

35, 

72.9% 

6, 

12.5% 

7, 

14.6% 

35, 

72.9% 

21, 

43.8% 

9, 

18.8% 

18, 

37.5% 

46, 

95.8% 

2, 

4.2% 

0, 

 0% 

Hamstrings MTU group 

12, 

25% 

2, 

4.2% 

34, 

70.8% 

15, 

31.3% 

1, 

2.1% 

32, 

66.7% 

7, 

14.6% 

7, 

14.6% 

34, 

70.8% 

21, 

43.8% 

11, 

22.9% 

16, 

33.3% 

43, 

89.6% 

5, 

10.4% 

0,  

0% 

Extras MTU group 

12, 

25% 

1, 

2.1% 

35, 

72.9% 

21, 

43.8% 

5, 

10.4% 

22, 

45.8% 

13, 

27.1% 

4, 

8.3% 

31, 

64.6% 

29, 

60.4% 

9, 

18.8% 

10, 

20.8% 

46, 

95.8% 

2, 

4.2% 

0,  

0% 

Where + represents an improvement from model 5 to model 7 , - represents a worse results from model 5 to model 7, and ± represents no 

change between models 5 and 7.  
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Similar to the first comparison, the comparison between optimised models with 

simplified (model 6) and subject-specific (model 7) joints showed varied results (Table 

25). For example, in some cases MTU metrics for M01 showed more physiological 

characteristics in model 7 (Figure 60; Table 26), while other MTU metrics from M01 

showed superior results for model 6 (Figure 61; Table 27).  Across all subjects, a 

significant proportion of cases for the quadriceps, hamstrings and all MTU groups 

showed no change between the models for the MTU moment arm polarity error.  

Although not significant, a larger proportion of cases showed improvements in model 7 

compared to model 6 for the hamstrings, extras and all MTU groups. Again, bone MTU 

penetration showed a significant proportion of no change between models for the 

quadriceps, hamstrings and all MTU groups. Unlike, the polarity error, a larger non-

significant proportion of cases were improved in model 6 compared to model 7.   

Length smoothness again showed a significant proportion of cases with no change 

between the two models for the hamstrings, extras and all MTU groups.  While the 

quadriceps and all MTU groups showed a larger non-significant proportion of 

improvements in model 6, the extras MTU group showed a larger non-significant 

proportion of improvement in model 7. The MTU moment arm smoothness measure 

showed no significant difference between any of the proportions, even when examining 

non-significant differences.  Unlike the previous comparisons, no significant proportion 

was identified with respect to MTU moment arm gradient error.  Although not a 

statistically significant proportion, improvements were shown in model 6 compared to 

model 7 in the hamstrings, extras and all MTU groups with the quadriceps showing an 

equal proportion of improved results for model 6 and 7.  
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Table 25. Summary comparison between MAP Client model with optimised wrapping surfaces (model 6) and MAP Client model with 

optimised wrapping surfaces and joint mechanisms (model 7). Displayed is the number of occurrences, for each MTU group and all 

combined MTUs, where the metric was either (+) improved, (-) worse, or (±) no change. For each MTU group, the sample size was 48 (8 

MTUs x 6 subjects). For all combined MTUs the sample size was 144 (8 per group x 3 groups x 6 subjects).  Statistically significant 

differences are denoted using coloured cells where yellow indicates no change, green indicates an improvement, and red indicate a worse 

result. In cases of no statistically significant difference between either of the three options, the cells were left unshaded. 

Polarity penalty Muscle Penetration Length Smoothness Moment arm smoothness Moment arm gradient 

error 

+ - ± + - ± + - ± + - ± + - ± 

All MTUs 

27, 

18.8% 

13,  

9% 

104, 

72.7% 

3,  

2.1% 

25, 

17.4% 

116, 

80.6% 

20, 

13.9% 

27, 

18.8% 

97, 

67.4% 

43, 

29.9% 

48, 

33.3% 

53, 

36.8% 

66, 

45.8% 

78, 

54.2% 

0,  

0% 

Quadriceps MTU group 

0,  

0% 

1, 

2.1% 

47, 

97.9% 

0,  

0% 

11, 

22.9% 

37, 

77.1% 

3,  

6.3% 

16, 

33.3% 

29, 

60.4% 

14, 

29.2% 

16, 

33.3% 

18, 

37.5% 

24, 

50% 

24, 

50% 

0,  

0% 

Hamstrings MTU group 

6, 

12.5% 

4, 

8.3% 

38, 

79.2% 

2,  

4.2% 

4, 

8.3% 

42, 

87.5% 

6, 

12.5% 

6, 

12.5% 

36, 

75% 

15, 

31.3% 

15, 

31.3% 

18, 

37.5% 

19, 

39.6% 

29, 

60.4% 

0,  

0% 

Extras MTU group 

21, 

43.8% 

8, 

16.7% 

19, 

39.6% 

1,  

2.1% 

10, 

20.8% 

37, 

77.1% 

11, 

22.9% 

5, 

10.4% 

32, 

66.7% 

14, 

29.2% 

17, 

35.4% 

17, 

35.4% 

23, 

47.9% 

25, 

52.1% 

0, 

0% 

Where + represents an improvement from model 6 to model 7 , - represents a worse results from model 6 to model 7, and ± represents no 

change between models 6 and 7.  
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Figure 60: Sartorious MTU kinematic curves (length in top row, moment arm in bottom) for participant M01. Where black lines are 

generic gait2392 data, green lines are literature data and red lines represent each tested model where each column represents a new model
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Table 26: The MTU metrics for the sartorius of participant M01, where improvements to smoothness and average gradient error are seen 

in model 7 compared to model 6. 

Model 

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length 

smoothness 

Moment arm 

smoothness 

Moment arm 

gradient error 

6 1 0 0.42 2.0 1.88 

7 0 0 1.25 1.33 1.36 
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Figure 61: Rectus femoris MTU kinematic curves (length in top row, moment arm in bottom) for participant M01. Where black lines are 

generic gait2392 data, green lines are literature data, and red lines represent each tested model where each column represents a new model 

as per model icons in heade
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Table 27. The MTU metrics for rectus femoris for participant M01, where improvents to smoothness and average gradient error are seen in model 6 

compared to model 7  

 

Model  

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length 

smoothness 

Moment arm 

smoothness 

Moment arm 

gradient error 

6 0 0 0.66 1.17 6.94 

7 0 0 1.0 1.17 149.08 
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Discussion 

The aim of this chapter was to incorporate subject-specific joint mechanisms of the TFJ 

and PFJ into subject-specific musculoskeletal OpenSim models generated using the 

MAP Client framework. These models already contained subject-specific bone 

geometry, joint positions and orientations, MTU origin and insertions, and MTU 

pathways (Chapter 5). Once subject-specific joint mechanisms had been implemented in 

these models, the developed MTU wrapping surface optimisation (Chapter 5) was run to 

produce the final subject-specific model for each participant. 

The first hypothesis (H1) was largely confirmed, similar to the previous chapter, MTU 

wrapping surface optimisation improved MTU kinematic smoothness and pattern 

similarity in a majority of cases. Across all subjects, the moment arm polarity error, 

bone MTU penetration error, and length smoothness all showed a significant proportion 

of cases where no change was observed between models. However, a larger non-

significant proportion of improvements were observed compared to worse results. 

Similarly, MTU moment arm smoothness showed no significant differences between 

each of the three options (improved, worse, and no change), however a non-significant 

trend towards improvements was observed in all MTU groups.  The only statistically 

significant improvement following optimisation, across all MTU groups, was MTU 

moment arm gradient. These results echo those presented previously (Chapter 5) for 

MAP Client models with generic TFJ and PFJ (model 6), providing further confidence 

in the designed and implemented MTU wrapping surface optimisation framework. In 

fact, the only difference between these two chapters results were that the current chapter 

showed a trend towards improved MTU moment arm smoothness in the extras MTU 

group whereas previously this group showed no clear pattern or trend. The improvement 

shown in this chapter may be due to the choice of TFJ model. As presented previously, 

the generic TFJ introduces a potential geometric constraint (Figure 53) preventing 

appropriate MTU kinematics and pathways of the gastrocnemius MTU during deep TFJ 

flexion. With the inclusion of subject-specific TFJ mechanisms, these geometric 

constraints are potentially reduced, allowing for more appropriate MTU kinematics. 

Unlike the first hypothesis, hypothesis two (H2) showed varied results between the two 

tested model.  Bone MTU penetration, length smoothness, and moment arm polarity 

errors, all showed a significant proportion of no change between the two models in all 

MTU groups. No significant difference between the proportions of each of the three 
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options was shown from moment arm smoothness, and moment arm gradient error. 

Despite this, a number of non-significant trends where observed when comparing only 

results which improved or were worse. Generally, MTU moment arm polarity errors 

were reduced in model 7 compared to model 6 across most MTU groups.  Additionally, 

length smoothness was generally lower in the extras MTU group, again potentially due 

to the errors introduce by the simpler TFJ model in model 6.   No clear pattern was 

observed for the MTU moment arm smoothness comparisons where results were almost 

equally distributed between each of the three options in all MTU groups. Remaining 

metrics, bone MTU penetration, moment arm gradient error, and length smoothness 

were all typically superior (albeit non-significant) in model 6 with simplified TFJ and 

PFJ models.  The improvements seen in model 6 compared to model 7 are likely due to 

the simplified joint models. The TFJ kinematics estimated using these simplified 

methods show low inter-subject variability in the magnitude as well as the pattern of 

kinematics (Figure 62). Conversely, subject-specific TFJ (Figure 63) and PFJ (Figure 

64) kinematics show high inter-subject variability both in magnitude and even patterns. 

In addition to high subject variability, model 7 allows independent PFJ motions likely 

further contributing to difference in MTU kinematics. More complex TFJ and PFJ 

kinematics such as those used in model 7, likely result in more variable and complex 

MTU pathways. As the initially fit wrapping surface were fit and placed on models with 

generic joint models, the initial position of these surface may be inappropriate in 

OpenSim models which use multi-planar TFJ and PFJ model.   Indeed the use of multi-

planar TFJ and PFJ may require MTU wrapping surface configurations (i.e., position, 

orientation, etc.) that are vastly different compared to models which use simplified TFJ 

and PFJs or are outside of the optimisation bounds to produce MTU kinematics similar 

to those in model 6. Furthermore, these more complex models may require additional 

wrapping surfaces to constrain MTU pathways when other TFJ DOFs (e.g., 

abduction/adduction) are mobilised. 
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Figure 62: Tibiofemoral motion from the standard MAP Client-generated model for each participant and each of the 6 DOFs. Each colour 

represents a different participant. Translations are in metres and rotations are in radians. Note that each motion is expressed relative to the 

TFJ flexion angle. 
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Figure 63: Subject-specific TFJ kinematics for each participant and each of the 6 DOFs. Each colour represents a different participant. 

Translations are in metres and rotations are in radians. Note that each motion is expressed relative to the TFJ flexion angle. 
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Figure 64: Subject-specific PFJ motion for each participant and each of the 6 DOFs. Each colour represents a different participant. 

Translations are in metres and rotations are in radians. Note that each motion is expressed relative to the TFJ flexion angle. 
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With respect to the more complex joint kinematics, a number of factors relating to the 

formulation of these joint mechanisms may contribute to the high variability in MTU 

kinematics. The implementation (Brito da Luz et al., 2017) used within this chapter is a 

highly rigid system, particularly the assumptions of isometric links. The assumption that 

ligaments remains isometric through joint motion is unlikely (Bergamini et al., 2011; 

Blankevoort et al., 1991; Trent et al., 1976; Wang et al., 1973) and potentially 

contributes to the irregular MTU kinematics. A potential improvement to these rigid 

mechanisms (discussed further in Chapter 7) is the inclusion of extensible ligaments 

(Gasparutto et al., 2015) which can potentially produce more physiological joint 

kinematics which may yield more consistent MTU kinematics. While this provided a 

valuable framework for the development of subject-specific musculoskeletal models, 

some limitations must be acknowledged. 

Along with the limitations of the MTU wrapping surface optimisation addressed 

previously (Chapter 5), limitation within this chapter are related to the TFJ and PFJ 

kinematic models. While these models potentially produce more physiological 

kinematics compared to previous simplified methods (Delp et al., 2007; Kainz et al., 

2017a; Modenese et al., 2018) the resulting kinematics have not been extensively 

validated. Although the tuning of these mechanisms ensures physically possible 

solutions (i.e., prevent bone into bone penetration) which highly correlate to previous 

cadaveric literature, there is no guarantee these kinematics are accurate. As such, the 

resulting kinematics may still misrepresent subject-specific TFJ and PFJ kinematics. 

Despite this, the presented methods provide a method for the estimate of subject-

specific 6 DOF TFJ and PFJ kinematics without the need for expensive and often 

inaccessible bi-planar fluoroscopy (Fernandez et al., 2008; Guan et al., 2016; List et al., 

2017). 

Although the second hypothesis could not be confirmed, the improvements seen in 

MTU kinematics following optimisation provide further evidence for, and confidence 

in, the developed MTU wrapping surfaces definition and optimisation framework 

(Chapter 5). Given the results of this chapter, model 6 containing optimised wrapping 

surfaces with simplified joint models is the most appropriate of the 7 tested models. 

Future work may focus on improving the MTU wrapping surface optimisation as well 

as the development of subject-specific TFJ and PFJ kinematic models which do not 

compromise MTU kinematics.  
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Chapter 7: General discussion 
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The field of neuromusculoskeletal biomechanics is maturing due to the availability and 

widespread use of neuromusculoskeletal modelling environments such as OpenSim 

(Delp et al., 2007). These methods have been applied to a wide range of applications. 

One application has been to study the role of muscles in joint stabilisation and joint 

contact loading, in particular the tibiofemoral joint (TFJ) (Fregly et al., 2012; Gerus et 

al., 2013; Kim et al., 2009; Lin et al., 2010; Saxby et al., 2016a; Saxby et al., 2016b). To 

this end, I investigated the contribution of individual muscles to medial and lateral TFJ 

contact loading during walking, running and sidestepping, which was reported for the 

first time in this thesis (Chapter 3, (Killen et al., 2018a)). Importantly, this TFJ contact 

loading study used subject-specific muscle activation patterns with muscle tendon unit 

(MTU) parameters calibrated to the individual. However the study was likely limited by 

the use of linearly scaled OpenSim musculoskeletal  models. Although the use of these 

models is highly consistent with many other studies, the development of “truly” subject-

specific musculoskeletal models may substantially improve physiological reality of said 

models and studies using these models.  

Subsequently, the second section of this thesis explored and defined the subject-specific 

features that may affect the fidelity of previously used neuromusculoskeletal models 

(Chapter 3). Moreover, methods were developed to automatically incorporate and tune 

various subject-specific features (e.g., bones, MTU pathways, and TFJ kinematics) in 

subject-specific OpenSim musculoskeletal models (Chapters 5 and 6). The methods 

developed used a pre-existing framework; the Musculoskeletal Atlas Project (MAP) 

Client (Zhang et al., 2014), and focussed on adding joints and bodies consistent with 

previous OpenSim models (Arnold et al., 2010; Rajagopal et al., 2016) to allow for the 

incorporation of these models into standard OpenSim processing workflow. In the 

following I will summarise the results of this thesis and further studies to extend what 

has already been achieved. 

Muscular stabilisation of the tibiofemoral joint 

As mentioned one topic which has received distinct focus, is the estimation of joint 

contact loading during dynamic tasks such as walking, running and sidestep cutting 

(herein referred to as sidestepping). In particular, the estimation of TFJ contact loading 

has received much attention (Fregly et al., 2012; Gerus et al., 2013; Kim et al., 2009; 

Lin et al., 2010; Saxby et al., 2016a; Saxby et al., 2016b). Previous research has 

focussed on the contribution of all muscles (Saxby et al., 2016b; Winby et al., 2009) to 
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TFJ contact loading during various dynamic tasks. These studies have reaffirmed that, 

compared to external loads, muscle-generated moment dominate the contribution to TFJ 

contact loading and consequently TFJ stabilisation. Other research (Pandy and 

Andriacchi, 2010; Sasaki, 2010; Sasaki and Neptune, 2010; Shelburne et al., 2006; 

Sritharan et al., 2012)  has investigated the contribution of grouped muscles to TFJ 

contact loading and stabilisation, with a primary focus on walking gait. These studies 

have consistently reported the dominance of the quadriceps and hamstring muscle 

groups during early stance, with the gastrocnemii muscle dominant during late stance.  

Although this research has provided valuable information regarding the combined 

action of muscle groups, the contribution of individual muscles across a range of 

different locomotion tasks has not been explored. Understanding the role of individual 

muscles in TFJ contact loading and stabilisation will provide further valuable 

information. Specifically, this information will be of interest to those with TFJ 

instability (e.g., as a result of traumatic joint injuries and subsequent orthopaedic 

surgery), and could be used to inform rehabilitation programs aimed at restoring 

muscular stabilisation of the TFJ. Therefore, the aim of the first study within this thesis 

was to investigate individual muscle contributions to medial and lateral TFJ contact 

loading during walking, running, and sidestepping, and determine how individual 

muscle contributions to TFJ contact loading changed within and between locomotion 

tasks. 

Results for chapter 3 have shown that the muscles that are the dominant source of 

medial and lateral TFJ contact loading, hence providing frontal plane TFJ stabilisation, 

are identical between walking, running, and sidestepping. During weight acceptance, the 

vastus medialis and vastus lateralis dominate the relative muscle contribution to medial 

and lateral TFJ contact loading respectively. During mid-stance and push-off in all three 

tested tasks, the gastrocnemius muscles were the dominant contributors to TFJ contact 

loading and stabilisation. This means, regardless of the kinematics (Novacheck, 1995), 

kinetics (Novacheck, 1995), and muscle activation patterns (Besier et al., 2003a) that 

are specific to the task, the medial and lateral vastii and gastrocnemius muscles provide 

the majority of the muscular stabilisation of the TFJ. This is of particular importance to 

those who have undergone orthopaedic procedures (i.e., anterior cruciate ligament 

(ACL) reconstruction) where muscle volume and strength deficits are reported (Konrath 

et al., 2016), along with altered vastii muscle activations (Bryant et al., 2008). 

Rehabilitation of these muscles should be of particular emphasis to ensure adequate TFJ 
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stabilisation during locomotion tasks which may also act to theoretically reduce the risk 

of re-injury of the ACL. Although the muscles that made the dominant contributions to 

TFJ contact loading were consistent across the tested locomotion tasks, comparisons of 

the magnitude of the relative contributions between locomotion tasks revealed 

substantial differences. 

The specific kinematic and kinetic demands (Novacheck, 1995) required by a particular 

locomotion task appear to influence the relative muscle contribution to TFJ loading and 

stabilisation. Indeed, each of the quadriceps muscle’s relative contribution to TFJ 

contact loading was higher during running compared to walking, while the relative 

contributions from both the medial and lateral gastrocnemius were higher during 

walking compared to running. These differences are reflective of a hip and ankle driven 

locomotion strategy used by the participants to perform running and walking, 

respectively. Comparing running and sidestepping, no clear patterns were found 

regarding specific muscle loading contributions to TFJ contact loading, or a joint-level 

strategy for locomotion. In general, relative muscle contributions to medial TFJ contact 

loading were higher in sidestepping, and relative muscle contributions to lateral TFJ 

contact loading were higher in running. The differences in relative contributions to 

medial and lateral TFJ contact loading between running and sidestepping reflect the 

task-specific joint stabilisation requirements driven by different external TFJ moments. 

During straight line tasks such as running and walking, the external frontal plane TFJ 

moment acts to unload the lateral compartment, i.e., is predominantly an external 

adduction moment caused by the ground reaction force vector passing medial to the TFJ 

centre (Andriacchi, 1994). Unsupported, this would cause lateral compartment lift-off, 

which is a feature often observed in simulation studies that use static optimisation 

approaches (Kim et al., 2009; Lin et al., 2010), but, critically, does not occur in-vivo 

when measured by instrumented prosthetic implants (Fregly et al., 2012). Given the 

external adduction moment, muscle stabilisation of the lateral compartment is required 

to prevent lateral condylar lift-off. The electromyogram (EMG)-informed model 

simulations used in this thesis predicted sufficient muscular support to prevent this 

occurring. This relation is opposite in sidestepping, where the external frontal plane 

moment is a predominantly an external abduction moment due to the rapid change in 

direction to the contralateral side. Consequently, muscle stabilisation is required to 

prevent medial condylar lift-off, and again the EMG-informed model used within this 

research, respects the task- and subject-specific activation patterns (unlike the 

previously discussed optimisation methods), reflects this stabilisation.  
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This study was the first to investigate the contribution of individual muscles across a 

range of different locomotion tasks. As well as investigating a previously unexplored 

task, sidestepping, the methods used within this research overcame a number of 

previous limitations. Previous research has used primarily static optimisation based 

methods for estimating muscle activation patterns. These methods do not incorporate 

task- or subject-specific muscle activations that are observed experimentally. Indeed, for 

a given anatomical model geometry, a set of external kinematics, and subsequently 

muscle tendon unit (MTU) kinematic), optimisation methods will produce the same 

muscle activation estimates independent of control demands, pathology status, or 

training status. Moreover, optimisation methods may fail to predict a number of 

experimentally observed muscle coordination features e.g., directed or generalised 

muscle co-contraction (Binding et al., 2000; Herzog and Binding, 1993; Hoang et al., 

2019; Pizzolato et al., 2015). As the locomotion tasks studied in this thesis involve high-

levels of generalised muscle activation and specific patterns of directed muscle co-

contraction (Besier et al., 2003a), optimisation methods are inappropriate for estimating 

muscle activations during these tasks. To overcome these limitations, EMG-informed 

methods were used through the Calibrated EMG-informed Neuromusculoskeletal 

(CEINMS) toolbox (Pizzolato et al., 2015). The CEINMS toolbox provides a suite of 

neural solutions to solve the muscle dynamics equations to estimate muscle forces and 

joint moments. Critically, the CEINMS methods can be driven using task- and subject-

specific EMG signals to estimate task- and subject-specific muscle activation patterns. 

Despite these improvements, limitations were still present within this research. 

The limitations of the research can be split into two categories, (i) limitations of the 

CEINMS toolbox, and (ii) limitations of the musculoskeletal model. The CEINMS 

internal MTU parameters (i.e., tendon slack and optimal fibre lengths) are not explicitly 

measured, instead they are initialised using values taken from literature and then 

morphologically adjusted (Modenese et al., 2016; Winby et al., 2009) and functionally 

calibrated (Lloyd and Besier, 2003) within physiological bounds. The calibrated internal 

MTU parameters respect the imposed physiological constraints and assist the muscle 

system to generate forces (and consequently moments) that well approximate lower 

limb joint moments from inverse dynamics, yet there is no guarantee the MTU 

parameters accurately represent subject-specific parameters. However, the use of EMG-

informed approaches such as those embedded within CEINMS have been shown to 

produce physically consistent estimates of both joint moments (Lloyd and Besier, 2003) 

and TFJ contact loads (Gerus et al., 2013; Serrancoli et al., 2016; Walter et al., 2014; 
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Wu et al., 2016), variables which are required for the estimation of muscle contributions 

to TFJ contact loading. 

The second group of limitations was related to the nature of the anatomical 

musculoskeletal model used within this research. Specifically, the assumptions of the 

TFJ contact model neglected the contribution of ligaments to TFJ contact loading, 

potentially overestimating the absolute magnitudes of both muscle and external loading 

contributions to TFJ contact loading and stabilisation. Although this is acknowledged as 

a limitation, previous research has shown muscle contributions are much greater 

compared to contributions by ligament (Shelburne et al., 2006). Finally, this study used 

linearly scaled generic musculoskeletal OpenSim models and while the use of linearly 

scaled models is very common in the literature, the resultant models are unlikely to 

represent subject-specific anatomy (Kainz et al., 2017a). Importantly, the anatomy of 

the models, specifically the joints’ articular surfaces, influences the location of TFJ 

contact points used to estimate TFJ contact loading. Both gross joint anatomy (Gerus et 

al., 2013) and TFJ contact point locations (Lerner et al., 2015) have previously been 

shown to affect estimates of TFJ contact loading. Overall, the limitations regarding 

explicit personalisation of MTU internal parameters are difficult to overcome as these 

parameters cannot feasibly be measured for all muscles, or for a set of muscles regularly 

investigated in a laboratory or clinical setting. Limitations with regards to the use of 

linearly scaled models however can more easily be rectified through the use of subject-

specific musculoskeletal models informed by medical imaging. 

Subject-specific musculoskeletal models should include accurate representation of the 

musculoskeletal and joint anatomy, 6 degree of freedom (DOF) joint kinematics, and 

muscle activation patterns. Although a substantial body of research (Buchanan et al., 

2004; Lloyd and Besier, 2003; Manal and Buchanan, 2013; Pizzolato et al., 2015; 

Sartori et al., 2012a) has focussed on estimating subject-specific muscle activation 

patterns and subsequently muscle forces, no research to date has combined these 

subject-specific neural methods with fully subject-specific musculoskeletal models. 

Although this could not be achieved within this thesis, a framework for the automated 

and tuned creation of subject-specific musculoskeletal OpenSim models was developed. 

The models developed using the proposed framework can then be used within the 

previously established neuromusculoskeletal modelling frameworks. 
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Defining physiologically feasible muscle tendon 

unit pathways and kinematics 

The framework presented in this thesis was focused on creating subject-specific 

musculoskeletal OpenSim models, with a particular focus on skeletal anatomy, joint 

kinematics, MTU pathways, and MTU kinematics (lengths and moment arms). The 

majority of steps within this framework were developed and deployed within the MAP 

Client (Zhang et al., 2014) and other free and open-source software packages 

implemented using Python scripting language (Python Software Foundation. Python 

Language Reference, version 2.7. Available at http://www.python.org). 

The MAP Client was used to reconstruct subject-specific bone geometries, which were 

then used in established workflows to produce a subject-specific OpenSim model 

consistent with current best practice (Zhang et al., 2015). Additional customisation was 

then performed within the MAP Client to add a patella and patellofemoral joint (PFJ), a 

custom marker set, and linearly scaled upper limb geometries consistent with the latest 

OpenSim released model (Rajagopal et al., 2016). This produced a model with subject-

specific bone geometries and joints appropriate for standard joint kinematic and kinetic 

analyses. However, due to the lack of accurately defined MTU pathways and kinematics 

were inappropriate for muscle driven simulations, such as static optimisation (Kim et 

al., 2009; Lin et al., 2010), computed muscle control (Thelen and Anderson, 2006; 

Thelen et al., 2003) and EMG-informed modelling (Hoang et al., 2018; Pizzolato et al., 

2015; Saxby et al., 2016b). To allow this, physically feasible MTU pathways and 

physiologically feasible MTU kinematics must be defined, which is a non-trivial task. 

The MTU pathway customisation within this thesis can be divided into three steps, (i) 

anatomically reasonable estimates of MTU origin and insertions, (ii) initial wrapping 

surface placement, and (iii) MTU wrapping surface optimisation (i.e., tuning). The 

MTU origin and insertions were defined using an atlas-based method (Zhang et al., 

2015), which defined MTU attachment points in the same anatomical location for any 

given MAP Client-generated bone. This is achieved by assigning MTU attachment 

points to node points on the MAP Client mean statistical shape models (SSMs) that are 

morphed to match subject-specific imaging data. As the topology of the mean SSMs 

was preserved through morphing (i.e., the anatomical meaning of a node point on the 

mean SSM is the same in the morphed SSM), origin and insertion points can be defined 

in the template and transferred to the morphed model with confidence and without the 

http://www.python.org/
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need for manual intervention, unlike spatial mapping or affine transformations similar 

to those used previously (Modenese et al., 2018; Scheys et al., 2006). Next, MTU via 

points were replaced with wrapping surfaces that were fit and positioned according to 

anatomical regions on each participant’s bone models. Similar to the MTU origins and 

insertions, wrapping surfaces were fit to regions of bone anatomy that could be defined 

by specific elements on the MAP Client mean SSMs. Thus, following morphing, these 

elements on the morphed model can be indexed and used to fit and position the 

wrapping surface on subject-specific bones. Following the initial fitting and placement 

of these wrapping surfaces, the position, dimensions and orientation of each of these 

MTU wrapping surfaces were optimised with the two-fold aim of (i) producing MTU 

pathways what did not penetrate bones, and (ii) smooth and feasible MTU kinematics, 

i.e., MTU lengths and moment arms that closely matched the pattern of previously 

reported data from cadaveric studies. A range of MTU metrics were created to quantify 

the performance of the models in achieving these aims. 

Surprisingly, replacing the MTU via points with wrapping surfaces fit to bone geometry 

showed mixed results for a number of MTU metrics. Generally, bone MTU penetration 

errors were reduced when wrapping surfaces were included along with increased MTU 

moment arm smoothness. Preventing penetration is a logical outcome as the wrapping 

surfaces were best fit to bone geometries, and were initially positioned to prevent MTU 

penetration. Instead of penetrating bone surfaces (as often occurs with via points) the 

wrapping surfaces constrain the MTU pathway to closely follow, but not penetrate bone 

surfaces. Despite the wrapping surface dimensions and position being fit to bone 

geometry, in some cases, bone MTU penetrations were still present. This may be due to 

the fact that analytical shapes (e.g., spheres, cylinders, ellipsoids) were fit to non-

analytical surfaces (e.g., femoral condyles) in a least squared sense. Consequently, 

regions of bone may protrude from the surface of the analytical shape, therefore 

allowing for penetration while the MTU wraps around the surface. Although not 

significant, the general trend of increase MTU moment arm smoothness are likely due 

to the MTU pathway smoothly wrapping around the surface instead of creating non-

physiological shapes as is common when using via points. As well as producing a more 

plausible pathway, the length and subsequently moment arm changes likely change at a 

more consistent rate due to the smooth wrapping. The increase in moment arm 

smoothness can likely be attributed to this factor. All other metrics typically showed no 

clear pattern. The observed improvements along with those metrics which showed no 

change, were typically all improved follow the MTU wrapping surface optimisation. 
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Following the optimisation of the MTU wrapping surfaces, the majority of the MTU 

metrics were improved compared to both the non-optimised version of the model and 

previous MAP Client-generated models. Most notably, across all MTU groups, the 

MTU moment arm gradient error was improved in the optimised model. Although a 

number of MTU metrics showed a significant number of no change cases between 

models, a majority of the remaining cases showed improvements (compared to worse 

results) in all MTU groups following optimisation. These non-significant improvements 

were shown for MTU moment arm polarity, bone MTU penetration, length smoothness, 

and moment arm smoothness. Despite being non-significant improvements, importantly 

there were no cases where in a majority of cases, MTU metrics were worse in the 

optimised model. These widespread improvements clearly show the MTU wrapping 

surface optimisation was performing as designed and yields similar (i.e., no change) or 

in many cases improved MTU metrics once optimised.  

Although a majority of MTU metrics were improved, few MTUs still exhibited less 

than ideal MTU kinematics. In particular, the gastrocnemius MTUs often exhibited 

moment arm polarity errors, even after MTU wrapping surface optimisation. These 

polarity errors are due to geometrical constraints (Chapter 5: Figure 52) which occur as 

a results of the simplified TFJ kinematic model which over estimates the superior tibial 

translation at the end range of TFJ flexion motion. This increased superior tibial 

translations, in combination with the introduced wrapping surfaces, causes the 

gastrocnemius MTUs to lengthen (instead of shorten) at the extremes of TFJ flexion 

(>80º). These errors in gastrocnemius MTU moment arm polarity, cannot be removed 

without MTU penetration into bone if the current TFJ kinematics are maintained.  

Overall, the TFJ and PFJ kinematic models used within the standard MAP Client 

framework are over simplified (i.e., neglecting specific DOFs) and feature limited  

personalisation. Previous research has highlighted the effect joint kinematics can have 

on both MTU kinematics (Navacchia et al., 2017) and joint moments (Marouane et al., 

2017). Thus, there is a need for accurate 6 DOF TFJ and PFJ kinematics to be included 

in personalised musculoskeletal models.  
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Creating OpenSim musculoskeletal models with 

subject-specific MTU pathways and joint 

mechanisms 

The personalisation steps outlined above enable the creation of musculoskeletal 

OpenSim models including subject-specific bones and MTU pathways. However, 

selected joint kinematic solutions are simplified potentially influencing many outcome 

measures. Specifically, the TFJ is represented as a one DOF hinge joint (with splined 

superior/inferior and anterior/posterior translations) and the PFJ was fixed with respect 

to the tibia. These simplifications potentially affect the estimated MTU kinematics 

(Navacchia et al., 2017), and, if used for musculoskeletal modelling in OpenSim or 

CEINMS, they may affect MTU force and joint moment estimates (Marouane et al., 

2017). To overcome these limitations, subject-specific joint anatomy can be used to 

define closed chain joint mechanisms.  

Closed chain mechanism were originally implemented and described for cadaveric 

subjects (Di Gregorio and Parenti-Castelli, 2003; Feikes et al., 2003; Ottoboni et al., 

2010; Parenti-Castelli and Di Gregorio, 2000; Wilson and O'Connor, 1997).  Recently, 

these closed chain joint mechanisms have been implemented for live subjects (Brito da 

Luz et al., 2017; Smale et al., 2019) and  used to estimate the secondary (i.e., 

abduction/adduction, and internal/external rotations) and tertiary (i.e., anterior/posterior, 

superior/inferior, and medial/lateral translation) kinematics of the TFJ and all 

kinematics of the PFJ as a function of TFJ flexion. The implementation (Brito da Luz et 

al., 2017) used in this thesis is a 5 rigid link closed chain mechanism containing 4 

articulating spheres fit to the medial and lateral, tibial and femoral articulating surfaces. 

The spline functions defined by these closed chain mechanisms are used to define 

secondary and tertiary kinematics of the TFJ and PFJ within the MAP Client-generated 

OpenSim model (models 5, Chapter 6). The MTU wrapping surface optimisation was 

then utilised to generate the final subject-specific OpenSim model (model 7 Chapter 6).  

Similar to Chapter 5, clear improvements for a majority of MTU metrics were achieved 

following MTU wrapping surface optimisation applied to models with closed chain 

mechanisms. Again, in all MTU groups, a significant proportion of improved MTU 

moment arm gradient errors were observed in the optimised model (model 7). While a 

number of MTU metrics showed a significant proportion of no change cases, when 
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examining cases which either improved or were worse, a majority of the cases showed 

improvement in all tested MTU metrics. The improvements in MTU kinematic and 

pathway metrics in MAP Client-generated models with subject-specific joint 

mechanism provided confidence in the framework developed in Chapter 5.  

The pivotal comparison of interest was between the optimised models that used either 

simplified MAP Client joints (model 6) or subject-specific closed chain TFJ and PFJ 

mechanisms (model 7). The results suggest model 6, with simplified joint models, 

yielded better MTU kinematics compared to model 7.  Improvements in model 6 MTU 

metrics were observed in bone MTU penetrations, length smoothness, and moment arm 

gradient error. No clear pattern was shown with respect to MTU moment arm 

smoothness.  

The only observed improvements in model 7 compared to model 6 were shown in the 

MTU moment arm polarity error.  Inconsistent results for MTU kinematics in model 7 

were potentially due to the more complex multi-planar joint models used. Further 

improvements to the multi-planar joint models (Chapter 7, Future direction) may 

provide more consistent improvements in model 7 compared to model 6. Indeed, model 

6 was primarily a planar TFJ mechanisms with TFJ flexion, anterior/posterior and 

superior/inferior translations, while model 7 had complex kinematic patterns involving 

adduction/abduction, internal/external tibial rotation, and three orthogonal translations, 

all coupled to TFJ flexion. These multi-planar kinematics likely introduce more 

complex MTU pathways, which may require different or even additional wrapping 

surfaces compared to models with simplified joints. The fact consistent improvements 

were not achieved following the inclusion of subject-specific TFJ and PFJ models 

suggests that model 6 are more appropriate for use in further neuromusculoskeletal 

modelling framework due to their superior MTU kinematics. Future work could 

implement previously discussed TFJ models (Kainz et al., 2017a; Modenese et al., 

2018) which provide more accurate estimation of subject-specific joint kinematics 

(compared to the standard MAP Client solution) that do not compromise the resulting 

MTU kinematics. Despite these unexpected results when comparing models 6 and 7, the 

improvements shown due to MTU wrapping surface optimisation further supports the 

validity of the proposed optimised framework for the definition of robust subject-

specific MTU intermediate pathways. 

Although not an explicit comparison within either of the thesis chapters (Chapters 5 and 

6) an interesting pattern was observed when inspecting MTU kinematics for linearly 
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scaled model. When linearly scaled, MTU lengths showed identical patterns with a 

magnitude offset compared to the generic model. This was observed even in participants 

that are at the extremes of tested heights. As a result, the MTU moment arms, of all 

MTUs were almost identical between the linearly scaled and generic OpenSim models. 

This also meant, between participants, MTU moment arms were almost identical despite 

different anatomy and anthropometry (Figure 65, 66, 67). From previous literature 

(Arnold et al., 2010; Buford et al., 1997; Draganich et al., 1987; Fick, 1879; Navacchia 

et al., 2017; Pal et al., 2007; Spoor and van Leeuwen, 1992; Visser et al., 1990; Wilson 

and Sheehan, 2009), variation between specimens were shown in the magnitude of 

MTU moment arms. This suggests MTU lengths and moment arms estimated from 

linearly scaled generic models’ do not reflect inter-subject variability. Additionally, the 

patterns of selected MTUs deviate from the patterns of previously reported cadaveric 

data. This is most evident in the medial and lateral gastrocnemii MTUs (Figure 67) but 

is also present in the semimembranosus, biceps femoris long head, and biceps femoris 

short head (Figure 66). While these differences may be exacerbated by the methods 

used to calculate the average cadaveric literature data, the observed homogeneity of 

MTU moment arm magnitudes between generic and linear scaled OpenSim models 

provides further shortcomings of linearly scaled models and evidence for subject-

specific modelling approaches.  

The customised framework developed represents a significant advancement in the 

computational methods used to automate and tune subject-specific musculoskeletal 

model creation. To the author’s knowledge this framework is the first to use steps that 

are automated and tuned model creation methods within free and open-source software. 

This automation, in addition to reducing processing time, reduces the knowledge burden 

on the user and plausibly increases the repeatability of model creation steps. In addition 

to being automated, a number of the process steps contained tuning of specific features 

and parameters (e.g., joint kinematic models, and MTU wrapping surfaces) which is 

essential to ensuring the generated models were both physically possible and 

physiologically plausible. The framework’s highly automated and tuned processing 

pathways is essential if personalised musculoskeletal model are to become the new 

standard in biomechanics research, and if they are to be used in clinical and industrial 

applications. Despite a number of advancements being made, further improvements can 

be made and some limitations addressed to the proposed framework. 
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Figure 65: Left quadriceps MTU lengths (left) and moment arms (right) for the generic gait2392 model (black), cadaveric data (green), and each of the 

six subjects (yellow, blue, purple, orange, grey and cyan). 
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Figure 66: Left hamstrings MTU lengths (left) and moment arms (right) for the generic gait2392 model (black), cadaveric data (green), and each of the 

six subjects (yellow, blue, purple, orange, grey and cyan). 
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Figure 67: Left extras MTU lengths (left) and moment arms (right) for the generic gait2392 model (black), cadaveric data (green), and each of the six 

subjects (yellow, blue, purple, orange, grey and cyan). 
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Future directions and improvements 

One limitation of the currently implemented framework was the range of motion 

considered for the TFJ, and consequently PFJ, closed chain mechanisms. In the current 

implementation, the range of motion was limited to 0º –100º of TFJ flexion (Brito da 

Luz et al., 2017). Within the template OpenSim model used in the standard MAP Client 

framework (Delp et al., 2007), the TFJ range of motion was from 10º of hyper-

extension to 120º of flexion. Due to limitations of the TFJ closed chain mechanism (i.e., 

rigid ligaments), the range of motion was restricted to 0º – 100º of flexion within all the 

MAP Client-generated OpenSim models. Although this does not present any limitations 

for common locomotion tasks such as walking, running, and sidestepping, tasks 

involving deep TFJ flexion such as squatting, cycling, or sprinting cannot be considered 

using these modelling methods. If these models are to be used for such tasks, closed 

chain joint mechanisms must be extended to a larger range of motion. 

Although the “extension” of closed chained mechanisms to greater TFJ flexion angles 

may seem as simple as either changing OpenSim joint parameters or the range 

considered when defining the mechanism’s splines, there are a number of factors that 

make this extension challenging. One factor which limits the use of these joint 

mechanisms at large flexion angles is the formulation of the closure equations, in 

addition to the geometry of mechanism. Within the currently implemented mechanisms, 

the 5 links that form the mechanism are considered to be isometric. Three of these links 

represent ligaments, which are known to elongate throughout the TFJ range of motion 

(Bergamini et al., 2011; Blankevoort et al., 1991; Trent et al., 1976; Wang et al., 1973). 

This makes the mechanism exceptionally stiff, requiring extensive parameter 

optimisation to converge on feasible solutions. To overcome this limitation, the 

implementation of a model with 4 ligaments (addition of the lateral collateral ligament) 

that are minimally extensible (Gasparutto et al., 2015) may enable a larger range of 

motion to be modelled and, the resulting kinematics to more closely match those seen 

in-vivo particularly at large flexion angles. Further to the limitations relating to these 

isometric ligaments, the geometry of the articulating surfaces of the mechanism may 

prevent accurate estimations during deep flexion. 

The geometric shapes fit to the medial and lateral articulating surfaces of the femur are 

located primarily on the anterior aspects of the articulating surface (Figure 65). As such, 

these spheres do not well represent the anatomy of the posterior aspects of the femur. 



 

253 

This likely results in an over estimation of the superior translation of the tibia (as noted 

in Chapter 5) during deep flexion as the path of the tibia is dictated by the geometry of 

the mechanism (i.e., spheres fit predominantly to the anterior femur) rather than the 

underlying bone geometry. Indeed, the posterior sections of the femoral spheres are 

often within the femoral condyle rather than encompassing the posterior articulating 

region of the femur (Figure 68). As the distance between the centre of the tibial and 

femoral spheres is fixed by definition within the closure equations the tibia tracks more 

superior to follow the sphere geometry rather than the underlying articulating surface. 

To overcome this limitation, the implementation of two separate yet interrelated joint 

mechanisms can be used. 

Two possible mechanism could be created to overcome the aforementioned problem. 

The original femoral mechanism geometries could contain additional spheres with 

geometries fit to the posterior portion of the femur. The anterior femoral spheres would 

define TFJ motions within the first ~60 º of flexion and 10º of hyper extension. For 

angles greater than 60º of flexion, the closure equations between tibial and posterior 

femoral spheres could be redefined to reflect the new articulation. A second approach 

would be to use ellipsoids to fit the anterior and posterior aspects of the femoral 

condyles. This would also need redefined closure equations to control the articulation of 

the femoral ellipsoids on the tibial spheres. To allow for a smooth control of these two 

possible mechanisms, extensible ligaments would also need to be implemented to 

permit joint kinematics throughout the full TFJ range of motion. Although the 

compound anterior-posterior femoral spheres, or femoral ellipsoids, used within these 

two possible mechanisms would be different, the tibial spheres as well as ligament 

attachment regions would be consistent between both mechanisms. 

These improvements would, in theory, produce mechanisms which accurately track 

femoral geometry through the entire range of motion. This implementation may allow 

for the estimation of 6 DOF TFJ kinematics beyond the previously reported range of 

motion as well as improving the already implemented range of motion. The 

implementation of the new TFJ mechanisms with extensible ligaments may allow for a 

larger range of motion to be considered and as such, more tasks investigated along with 

greater confidence in kinematic estimations.  
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Figure 68: Example of a sphere (green) fit to surface on femur (cream).  The sphere 

parameters (radius and location) are then used in the definition of TFJ closed chain 

mechanism. Note the way this sphere fits the anterior femur well, but does not 

encapsulate the posterior region, due to the sphere being fit primarily to the anterior 

articulating surface in a least squared sense. As the distal femur is not two perfect 

spheres (medial and lateral), a single sphere (medial or lateral) cannot accurately 

represent the entire medial/lateral distal femur. 

Although closed chain joint mechanism models provide a potentially more accurate 

estimation of TFJ and PFJ kinematics, there is no guarantee these kinematics are 

reflective to those seen in-vivo. This is due to a number of limitations of the 

implemented mechanisms. Along with the previously discussed isometric ligaments, 

these models are based on passive motion and bone alignment in an unloaded position, 

despite this, the resulting models are applied to loaded dynamic tasks. It is unclear how 

weight bearing as well as active muscle contraction and external joint loading may 

change TFJ and PFJ kinematic estimates. Finally, although these models have been 

validated on cadaveric specimens (Sancisi and Parenti-Castelli, 2011; Sancisi et al., 

2011) as well as limited validation of ligament lengths (Barzan et al., 2018), no 

comprehensive validation of in-vivo kinematics has been performed.  In addition to 

limitations with the closed chain mechanisms implemented, the time required to run 

these closed chain joint mechanisms is substantial and requires an additional high 

fidelity dedicated magnetic resonance imaging (MRI) joint scans to acquire the joint 

anatomical information for the model. 
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One solution, that may alleviate the need for additional joint scans, is the use of 

statistical shape models (SSM) representing the TFJ and PFJ cartilage surfaces which 

can be used to reconstruct subject-specific cartilage surfaces from the underlying bone 

geometry. The author has already shown promise of the accuracy of these methods in a 

small sample, and this is primed for wider adoption (Killen et al., 2018b). In addition to 

cartilage surfaces, ligament attachment regions and other relevant anatomical landmarks 

required for the closed chain joint mechanism can be embedded within the MAP Client 

mean SSMs, similar to MTU origin and insertion points (Chapter 5). Additional SSMs 

and customisation of the current MAP Client mean SSMs would allow for closed chain 

joint mechanisms to be used without the need for dedicated joint scans. However, these 

additions do not address the time requirements of these methods which can often exceed 

40 hours due to the numerically stiff nature of the closure equations and the additional 

processing to choose the most appropriate solution (Chapter 6). Currently, it is unclear 

if the use of minimally extensible ligaments in the closed chain mechanisms would 

improve the computational time demand, but is worth pursuing as non-isometric 

ligaments are better physiological representation compared to isometric ligaments 

(Bergamini et al., 2011; Blankevoort et al., 1991; Trent et al., 1976; Wang et al., 1973). 

Although these closed chain mechanisms may represent the most appropriate method 

for estimation of 6 DOF TFJ and PFJ kinematics, the effect on downstream endpoint 

biomechanical estimations in the proposed framework is unclear. Potentially simpler 

methods such as a titled hinge axis (Kainz et al., 2017a; Modenese et al., 2018) or 

moving hinge axis (Dzialo et al., 2018) methods may have little to no effect on end 

point estimations, although this remains to be conclusively shown, and will likely 

depend on the endpoint estimation in question. As a result, these more complex methods 

should be adopted to ensure the most accurate estimations of TFJ and PFJ kinematics (if 

joint kinematics and kinetics are a primary outcome measure) until the sensitivity of 

specific end points estimations can be determined. In addition to the sensitivity of 

endpoints estimations (e.g., MTU pathways and kinematics, MTU force estimates etc.) 

to TFJ and PFJ kinematics, the sensitivity to bone reconstruction accuracy should also 

be investigated.  

As previously stated, this thesis used full bone segmentations to reconstruct subject-

specific bone geometries. The use of incomplete data to reconstruct bone geometries as 

presented by Suwarganda et al. (2019) and Zhang and Besier (2017) may not produce 

different intermediate parameters (e.g., joint position and MTU origin and insertion 
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points) and end point estimations (e.g., joint moments and joint contact loads), and will 

reduce the amount of imaging data processing required to produce accurate subject-

specific musculoskeletal models. Additionally, with less imaging data provided to the 

MAP Client, bone mesh generation time may also be reduced. A detailed analysis 

regarding the sensitivity of MAP Client-generated OpenSim models to bone 

reconstruction accuracy will provide valuable information for researchers wanting to 

use these methods. Along with these sensitivity analyses, a number of improvement and 

time improvements can be made to the developed framework developed in Chapter 5. 

The optimisation framework proposed and developed within this thesis is currently only 

implemented to manipulate MTU kinematics of a single DOF, i.e., TFJ 

flexion/extension. Future work should extend these optimisation methods to other joints 

(e.g., hip) as well as multiple DOFs, as is done for methods sampling the full MTU 

length operating range for preserving internal MTU parameters (i.e., optimal fibre and 

tendon slack lengths (Modenese et al., 2016)) or for creating surrogate B-splines to 

estimate MTU kinematics (Sartori et al., 2012b). Specifically, for single joint MTUs, 

the MTU kinematics for all three rotational DOFs could be optimised. For bi-articulate 

MTUs, optimisation of multiple joints as well as multiple DOFs within the same joint 

may be considered concurrently. To facilitate this, time reductions must be made within 

the currently implemented framework. 

A number of changes could be made to the developed framework that may reduce the 

time associated with MTU wrapping surface optimisation. Although substantial time 

reductions were already made by parallelising the optimisation (~300 hours reduced to 

~12 hours), further reductions are still possible. As this was the first pass of 

implementing such a framework, the initial positioning of a number of wrapping 

surfaces may be inappropriate and hence improved. Analysis of wrapping surface 

position and sizes may reveal repeated patterns for optimised wrapping surfaces. If, 

across all participants, specific wrapping surface parameters are uniformly changing 

(e.g., reducing in radius), this can inform a second iteration of the initially fit surfaces. 

In theory, this will reduce the amount of optimisation required to produce the same 

optimised parameters. The second improvement is related to the implementation of 

optimisation modules and functions. As with any first pass software development, the 

framework was developed primarily with the aim of being functional, but not 

necessarily efficient. Due to this fact, a number of functions implemented contain 

redundancies such as transferring and querying identical data between memory storage 
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locations with the OpenSim application programming interface (API), which can be 

time consuming (e.g., transferring to and from the loaded model and querying MTU 

kinematics). The optimisation was implemented as a standalone module with multiple 

sub-modules and functions. While this approach was functional, the use of classes will 

allow data to be loaded in a single structure and more readily passed between functions 

using memory pointers thus reducing computational time and redundancy. In addition to 

improvements to the framework for developing feasible MTU pathways and kinematics, 

a number of additions to the standard MAP Client framework should also be made. 

As previously stated, the MAP Client does not contain mean SSMs for the talus, 

calcaneous, metatarsals, tarsals, and phalanges. The inclusion of these additional lower 

limb bones and joints as well as the application of current MAP Client methods will 

allow for the creation of more complete subject-specific musculoskeletal OpenSim 

models. Following this, other bodies such as the spine and upper limb bones can also be 

included. Along with the extension of the MAP Client, a number of features and 

methods need to be validated. 

Although a number of studies have assessed the accuracy of bone geometries 

(Suwarganda et al., 2019; Zhang and Besier, 2017) and anatomical landmarks (Bahl et 

al., 2019) reconstructed using the MAP Client, a number of parameters related to the 

OpenSim model generated through this pathway have not be thoroughly validated. 

Firstly, the kinematics of the TFJ and PFJ generated by the standard MAP Client 

pathway have not been validated. With respect to the joint kinematic models 

implemented, the simplified joint models used in this approach are also commonly 

adopted in generic OpenSim models (Delp et al., 2007). Although the described closed 

chain joint mechanisms may provide more physiological joint kinematics, again the 

resulting kinematics have not been thoroughly validated. Joint kinematic models can be 

validated through the use of moving bi-planar X-ray machines (Fernandez et al., 2008; 

Guan et al., 2016; List et al., 2017) that image skeletal anatomy during dynamic tasks. 

Through the use of these methods, when integrated with motion capture, accurate joint 

kinematics free from soft tissue artefact can be calculated. In addition to joint kinematic 

models, the MTU origin and insertion points must be validated. 

The method (Zhang et al., 2015) used to estimate MTU origin and insertions presented 

in this thesis employs a muscle atlas-based method, which is consistent with previous 

approaches (Modenese et al., 2018; Scheys et al., 2009). However, there is no guarantee 

these MTU attachment points reflect those seen in-vivo or if they well represent subject-
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specific attachments. An extensive validation of the origin and insertion points utilising 

cadaveric data such as the London lower limb (Modenese et al., 2011) or Twente lower 

extremity (Carbone et al., 2015) models would provide confidence in the resulting MTU 

origin and insertion points. As well as validating these origin and insertion points, 

additional MTU atlases may be added to the MAP Client framework. New atlases based 

on previous OpenSim models (Delp et al., 2007; Modenese et al., 2011; Rajagopal et 

al., 2016) and cadaveric data (Carbone et al., 2015) may provide more accurate 

estimates of MTU origin and insertion points if the SOMSO model cannot be 

thoroughly validated. Once each aspect of MAP Client models has been validated, the 

models can be coupled with already developed neuromusculoskeletal frameworks (e.g., 

OpenSim and CEINMS) to undertake other biomechanical investigations such as 

muscle force contributions to TFJ contact loading as investigated in Chapter 3 (Killen et 

al., 2018a). 

Important future work will be to use the framework developed within this thesis to 

investigate regional contact loading of the TFJ during walking, running, and 

sidestepping. The first step to achieving this, is to determine the point/s of contact 

between the femur and tibia in the medial and lateral compartments. This can be done 

using the cartilage surfaces whether from direct MRI segmentation or SSMs. Cartilage 

surfaces can be registered to the MAP Client-generated bones and subsequently the 

OpenSim model. The TFJ kinematics from the OpenSim model (either simplified MAP 

Client or closed chain joint mechanism models) can then be queried and stored for 

further use. Using the initial position of the femur and tibia within the OpenSim model, 

at each flexion angle, the position of the tibia, and subsequently tibial cartilage can be 

calculated (using functions queried from the OpenSim model). With knowledge of the 

cartilage surface geometries and position of the both the femur and tibia, the distance 

between each point on femoral and tibial cartilage surface can be calculated. The 

minimum distance can then be used to define the contact point (centroid of an area) 

between the femur and tibia in both the medial and lateral compartment. Using the 

points of contact throughout the TFJ range of motion, these can be implemented as 

OpenSim bodies consistent with previous research (Saxby et al., 2016b). This model 

can then be used in established frameworks (Hoang et al., 2018; Pizzolato et al., 2015; 

Sartori et al., 2014; Sartori et al., 2012a; Saxby et al., 2016b) to estimate the magnitude 

of medial and lateral TFJ contact loading. With knowledge of both the magnitude and 

points of contact, heat maps of femoral and tibial cartilage surfaces can be generated to 
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establish differences in regional contact loading of the TFJ during a variety of 

locomotion tasks.  

General conclusions 

This thesis aimed to illucidate a number of features related to the loading of the TFJ 

during a number of locomotion tasks. The contribution of the individual muscles to 

medial and lateral TFJ contact loading during walking, running, and sidestepping were 

reported for the first time. Although other features, specifically regional loading, with 

the use of more truly subject-specific musculoskeltal OpenSim models could not be 

investigate with currently developed methods. As a result, the second section of this 

thesis focussed on developing the methods to faciliate these investigations in the future. 

This approach used a pre-existing framework, the MAP Client with additional 

development within the framework. The development first focussed on adding 

additional joints and bodies consistent with previous OpenSim models (Arnold et al., 

2010; Rajagopal et al., 2016) to allow for the incorporation of these models into 

standard processing workflow. The final and most substantial development was related 

to the definiton of feasible MTU pathways. This approach used a muscle atlas-based 

method to define MTU origin and insertion points on consistent anatomical regions 

(Zhang et al., 2015). The MTU intermediate pathways were defined using an automated 

and tuned process that fit analytical shapes to antomical regions of each participant’s 

bone. These fitted shapes along with anatomical landmarks were used to develop a 

MAP Client plugin which replaced MTU via points with wrapping surfaces. The 

position, orientation, and dimensions of each MTU wrapping surface were then 

optimsed with the overall aim of producing smooth MTU kinematics which closely 

matched the pattern of previously published cadaveric data. This framework provided 

dramatic improvements to MTU pathways and kinematics compared to a number of 

different MAP Client developed models. The proposed models, framework, and 

methods presented in this thesis will allow researchers to generate subject-specifc 

musculoskeletal models of the lower limb for use in muscle driven simulations. Along 

with providing the above mentioned improvements, these models can be generated with 

high levels of subject specificity with a reduced time and cost burden compared to 

previous hihgly manual methods. Following further improvements to the proposed 

methods and improvements in time requirements, the plugins and workflows developed 

as part of this work will be publicly released and made availale for any researchers 

wanting to use the developed methods. 
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Appendix 1: Methods for combining 

values for multiple cadaveric 

specimens
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This appendix details the methods used to combine literature moment arm values from 

various specimens and studies into a single cadaveric literature value used within the 

muscle wrapping surface optimisation (Chapters 5  and 6). First the figures from each 

study were saved as high resolution images or screenshots (where original figures were 

not available). These figures were then digitised using a MATLAB (Mathworks, 

Massachusetts, USA) graphical user interface (GUI), GRABIT (GRABIT, Jiro, 

https://au.mathworks.com/matlabcentral/fileexchange/7173-grabit ). This GUI saves the 

x (angle) and y (moment arm length) into a MATLAB structure for later processing. 

This process was repeated for each study and each specimen.  

Once digitised, the resulting MATLAB structures were reloaded into MATLAB 

software for further processing through custom written scripts. For each specimen, a 

polynomial function was fit to the digitised data (using in-built MATLAB functions), 

the order of polynomial was iterated until the root mean squared error (RMSE) between 

the digitised points and predicted polynomial function was less than 1x10-8. In addition 

to this polynomial fitting technique, a spline function was also fit to the digitised points. 

Comparing the two methods (Figure 69), the polynomial function method was shown to 

be superior in fitting the digitised points while still producing a smooth curve. Using the 

fit polynomial functions, the moment arm values between the minimum and maximum 

joint angles (for the respective specimen) in one degree increments was calculated. 

Once repeated for each specimen and each study, a number of different literature values 

for each muscle tendon unit (MTU) was obtained for any given joint angle. Due to the 

fact different studies used varying ranges of motion, a method to combine these was 

required as the number of studies which provided a moment arm estimate for a given 

joint angle varied. 

A number of different methods were considered and herein referred to as 1) all, 2) 

overlap and 3) partial (Figure 70). The first method (all) considered the maximum and 

minimum joint angles from the combined studies (for a given MTU), regardless of how 

many studies provided data for the extremes of the range of motion. At each given joint 

angle, the average moment arm was calculated. This method however produced large 

discontinuities (Figure 70A) in the combined mean values in cases where few studies 

provided data at the extreme ranges of motion. The second method (overlap), required 

that all studies for a particular MTU provide a moment arm value for a given joint angle 

to be considered. This method, although producing smooth mean value curves resulted 

in a very small range of motion in some MTUs (Figure 70B). The final method (partial) 

https://au.mathworks.com/matlabcentral/fileexchange/7173-grabit
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provided a compromise between the two. This method required that for a given joint 

angle to be considered, a minimum of two studies must provide data for the particular 

joint angle. While this method, in some cases still produced small discontinuities this 

problem was overcome by again fitting a polynomial function to the resulting mean 

values. Again the order of polynomial was defined using the RMSE between the mean 

values and values recalculated using the polynomial function. The polynomial function 

was then used to reconstruct the mean literature values for the considered range of 

motion for each MTU. 
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Figure 69: Polynomial function values (blue) and splined values (black) fit to digitised points (red circle) for three different studies and 

specimens.  

 

Figure 70: Examples of the (A) all, (B) overlap and (C) partial method for combining multiple specimen estimates into a single mean 

values where red lines represent each of the specimens for a single MTU, black lines represent the mean value calculated using each 

method and blue lines represent the polynomial function fit to the mean values 

.



 

265 

 

Appendix 2: Methods for determining 

smoothness measure threshold 
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This appendix details the method uses to determine the smoothness threshold 

implemented in the muscle wrapping surface optimisation (Chapter 5 and 6). The 

threshold used in the smoothness measure (nNumDeriv) was originally designed and 

implemented for the detection of muscle tendon unit (MTU) kinematic discontinuities. 

Although this penalty was later removed from optimisation, the thresholds were still 

utilised for the nNumderiv measure. The discontinuity threshold was determined by first 

calculating the MTU lengths and moment arms of three different OpenSim models 

using the OpenSim advanced programming interface (API). The MTU kinematics were 

calculated for the quadriceps, hamstrings and gastrocnemii MTUs.  These MTU 

kinematic curves were then visually inspected and binary coded as either a 1 or 0, 

indicating the presence or lack of discontinuity respectively. With knowledge of which 

MTU kinematic curves contained a discontinuity, an optimisation routine was designed 

to determine the optimal threshold for discontinuity detection. In this routine, the 

threshold for discontinuity detection was perturbed until the MTU discontinuity 

penalties (mathematically determined using the average of the second derivative) 

matched the previously defined target values from visual inspection (i.e., MTU 

discontinuity detections calculated programmatically match those from visual 

inspection). This optimisation routine was run separately for the MTU lengths and 

moment arms, and two unique thresholds were determined. This threshold was adjusted 

by reducing both the MTU length and moment arm discontinuity thresholds by three 

orders of magnitude which were then utilised within the nNumDeriv smoothness 

measure.  
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Appendix 3: Full muscle tendon unit 

kinematic results 
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This appendix presents the full muscle tendon unit (MTU) kinematic curves for each of 

the 7 models generated for each participant.  Along with each MTUs length and 

moment arm, summary MTU metrics for each of the three MTU groups are also 

displayed for each of the 7 models and 6 participants.  Model numbers (Table 29) and 

icons (Figure 71) conventions follow those presented in the previous chapter (Chapter 

6). Within each of the following MTU kinematic figures, each row represents a different 

MTU (denoted on the y axis) and each column represents a different model (columns 

are organised in the same order as detailed in Table 29). Note that each MTU is named 

using the OpenSim convention, a summary of OpenSim and anatomical names are 

detailed below (Table 28). 

Table 28: Glossary of OpenSim MTU names and their anatomical MTU name. 

OpenSim MTU name Anatomical MTU name 

bifemlh biceps femoris long head 

bifemsh biceps femoris short head 

grac_ gracilis 

lat_gas lateral gastrocnemius 

med_gas medial gastrocnemius 

rect_fem rectus femoris 

sar sartorius 

semimem semimembranosus 

semiten semitendinosus 

vas_int vastus intermedius 

vas_lat vastus lateralis 

vas_med vastus medialis 

Note: all MTUs are named with the suffix _r or _l 

which denote right and left limbs respectively  
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Table 29: Explanations of each of the 7 models developed as part of this thesis. 

 

 

Figure 71: Symbolic representations of each of the 7 models used for comparison of 

MTU kinematics. (1) is a linear scaled gait2392 model, (2) is the model from the 

standard MAP Client framework, (3) contains MTU via points morphed using the 

described vector morphing method, (4) is the model with fit wrapping surfaces, (5) is 

model 4 but with subject-specific TFJ and PFJ joint models, (6) is model 4 but with 

optimised wrapping surfaces, and (7) is model 5 with optimised wrapping surfaces. 

Note that in all models excluding models 6 and 7, MTU kinematic discontinuities may 

be present as wrapping surface placement is not optimised. These discontinuities are are 

corrected through the designed optimisation.  

Model 1 Linear scaled gait2392 model 

Model 2  Standard MAP Client workflow with HMF via points 

Model 3  Model 2 with morphed via points using vector method (Carleton, 2018) 

Model 4  Model 3 where via points have been replaced with wrapping surfaces 

Model 5  Model 3 with subject-specific TFJ and PFJ mechanisms implemented 

Model 6  Model 4 following MTU wrapping surface optimisation 

Model 7 Model 5 following MTU wrapping surface optimisation 
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M01 Optimisation Results  

Table 30: Tabulated optimisation results for quadriceps MTU group for participant M01 

Model 

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 0.96 ± 0.07 1.22 ± 0.21 442.94 ± 413.86 

2 8 8 1.01 ± 0.11 2.85 ± 1.24 11100.26 ± 12471.89 

3 0 8 1.06 ± 0.11 1.49 ± 0.4 1414.02 ± 1220.59 

4 0 1 1.06 ± 0.11 1.22 ± 0.21 670.94 ± 702.1 

5 0  1 1.06 ± 0.11 1.22 ± 0.21 964.71 ± 1196.82 

6 0 0 0.93  ± 0.18  1.11  ± 0.26 34.567  ± 39.05 

7 0 0 1.32  ± 0.76 1.59  ± 0.76 411.07  ± 1055.75 

  

 

 

 

 

 

 



 

271 

 

Table 31: Tabulated optimisation results for hamstring MTU group for participant M01 

Model 

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 1.08 ± 0.18  1.25 ± 0.28 834.39 ± 913.66 

2 2 4 1.31 ± 0.11 3.54 ± 2.41 875.19 ± 1129.26 

3 0 4 1.31 ± 0.11 2.0 ± 0.83  914.89 ± 899.88 

4 1 2 1.47 ± 0.45 1.75 ± 0.4 1858.97 ± 2403.25 

5 4 3 1.47 ± 0.58 2.08 ± 2.25  2552.51 ± 2775.26 

6 1 0 1.25  ± 0.13 1.62  ± 1.44 212.10  ± 389.06 

7 0 0 1.26  ± 0.19 1.29  ± 0.35 468.32  ± 913.0 
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Table 32: Tabulated optimisation results for extras MTU group for participant M01 

Model 

number 

Moment arm 

polarity error 

Bone MTU  

penetration error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 1.02 ± 0.15 1.25 ± 0.14 115.21 ± 17.02 

2 4 4 1.13 ± 0.13 1.42 ±0.22 222.38 ± 234.66 

3 6 5 1.13 ±0.13 1.33 ± 0.0 230.35 ± 204.17 

4 6 5 8.1 ± 18.67 1.29 ± 0.42 1899.58 ± 3022.72 

5 6 4 5.66 ± 12.35 4.92 ± 8.25 26230.09 ± 67643.95 

6 6 0 1.02  ± 0.26 1.25  ± 0.43 46.84  ± 99.26 

7 3 3 1.35  ± 1.1 1.38  ± 0.68 109.06  ± 143.40 
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Figure 72: Left quadriceps MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M01. 
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Figure 73: Left quadriceps MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M01. 
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Figure 74: Right quadriceps MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M01. 
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Figure 75: Right quadriceps MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M01. 
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Figure 76: Left hamstrings MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M01. 
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Figure 77: Left hamstrings MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M01. 
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Figure 78: Right hamstrings MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M01. 
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Figure 79: Right hamstrings MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M01. 
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Figure 80: Left extra MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested model 

(red) for participant M01. 
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Figure 81: Left extra MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), literature 

value (green), and tested model (red) for participant M01. 
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Figure 82: Right extra MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M01. 
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Figure 83: Right extra MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), literature 

value (green), and tested model (red) for participant M01.
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M02 Optimisation Results  

Table 33: Tabulated optimisation results for quadriceps MTU group for participant M02 

Model 

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 0.96 ± 0.07  1.22 ± 0.21 452.22 ± 417.69 

2 8  8  1.01 ± 0.11 2.57 ±1.09 10425.52 ± 11095.97 

3 0 8 1.06 ± 0.11 1.21 ± 0.28 1451.05 ± 1233.34 

4 0 1 1.06 ± 0.11 1.54 ± 0.4 741.55 ± 639.88 

5 0 4 1.06 ± 0.11 1.97 ± 1.69 1587.27 ±1758.51 

6 0 0 0.98  ± 0.21 1.05  ± 0.46 43.72  ± 34.42 

7 0 0 1.02  ± 0.17 1.22  ± 0.21 28.32  ± 23.55 
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Table 34: Tabulated optimisation results for hamstrings MTU group for participant M02 

Model 

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 1.08 ± 0.18 1.25 ± 0.28 828.25 ± 899.16 

2 2 5 1.31 ± 0.11 3.42 ± 3.06 1296.11 ± 1468.88 

3 0 4 1.31 ± 0.11 2.04 ± 0.86 1032.3 ± 1074.01 

4 3 3 1.25 ± 0.24 2.17 ± 0.91 1909.60 ± 2240.08 

5 1 4 1.31 ±0.11 2.0 ± 1.29  759.67 ± 1148.35 

6 1 0 1.25  ± 0.24 1.92  ± 1.08 23.51  ± 27.72 

7 0 0 1.14  ± 0.16 1.46  ± 0.33 22.88  ±29.51 
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Table 35: Tabulated optimisation results for extras MTU group for participant M02 

Model 

number 

Moment arm 

polarity error 

Bone MTU penetration 

error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 1.02 ± 0.15 1.25 ± 0.14 828.25 ± 899.16 

2 2 4 1.13 ± 0.13 1.38 ± 0.26 442.35 ± 533.21 

3 4 5 1.13 ± 0.13 1.5 ± 0.44 185.3 ±135.51 

4 8  4 1.07 ± 0.15 5.63 ± 10.54 44367.47 ± 112998.44 

5 3 4 2.32 ± 3.41 13.25 ± 29.06  97392.68 ± 255614.63 

6 5 0 1.91  ± 2.12 1.13  ± 0.37 48.55  ± 70.8 

7 3 2 0.83  ± 0.24 1.33  ± 0.5 46.32  ± 43.84 
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Figure 84: Left quadriceps MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M02. 
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Figure 85: Left quadriceps MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M02. 
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Figure 86: Right quadriceps MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M02. 
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Figure 87: Right quadriceps MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M02. 
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Figure 88: Left hamstrings MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M02. 
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Figure 89: Left hamstrings MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M02. 
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Figure 90: Right hamstrings MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M02. 
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Figure 91: Right hamstrings MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M02. 
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Figure 92: Left extra MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested model 

(red) for participant M02. 
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Figure 93: Left extra MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), literature 

value (green), and tested model (red) for participant M02. 
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Figure 94: Right extra MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M02. 
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Figure 95: Right extra MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), literature 

value (green), and tested model (red) for participant M02. 
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M03 Optimisation Results  

Table 36: Tabulated optimisation results for quadriceps MTU group for participant M03 

Model 

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 0.92 ±0.12 1.22 ± 0.21 411.74 ± 390.93 

2 8 8 1.06 ± 0.11 2.52 ± 1.24  10969.31 ± 11517.79 

3 0 8 1.06 ± 0.11 1.67 ± 0.54 1225.01 ± 1143.41 

4 0 0 1.06 ± 0.11 1.22 ± 0.65 724.96 ± 718.77 

5 0 5 1.06 ± 0.11 1.49 ± 0.37 1025.67 ± 984.54 

6 0 0 0.89  ± 0.2 1.4  ± 0.51 63.89  ± 68.28 

7 1 4 2.35  ± 3.4 2.53  ± 2.05 1269.78  ± 3205.47 
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Table 37: Tabulated optimisation results for hamstrings MTU group for participant M03 

Model 

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 1.08 ± 0.18 1.25 ± 0.28 860.77 ±964.83 

2 2 5 1.31 ± 0.11 3.33 ± 2.98 678.76 ±746.8 

3 0 8 1.31 ± 0.11 1.92 ±0.68 954.29 ±851.92 

4 1 3 1.99 ±1.77 1.71 ± 0.59 2179.43 ± 3144.12 

5 0 2 1.31 ±0.23 1.25 ± 0.28 695.67 ± 558.8 

6 0 1 1.31  ± 0.11 1.29  ± 0.35 77.63  ± 122.21 

7 0 0 1.26  ± 0.19 1.29  ± 0.11 28.07  ± 42.51 
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Table 38: Tabulated optimisation results for extras MTU group for participant M03 

Model 

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 1.02 ±0.15 1.33 ± 0.0 125.03 ± 19.47 

2 4 5 1.13 ±0.13 1.38 ± 0.26 288.44 ± 256.31 

3 7 6 1.13 ±0.13 1.63 ±0.45 310.18 ±262.63 

4 8 5 1.13 ± 0.13 2.0 ± 1.53 2770.60 ± 6065.43 

5 3 3 1.07 ± 0.15 1.71 ± 0.56 330.49 ±242.93 

6 5 0 1.49  ± 1.02  1.25  ± 0.43 120.99  ± 209.74 

7 3 1 1.13  ± 0.13 1.67  ± 1.01 17.02  ± 20.17 
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Figure 96: Left quadriceps MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M03. 
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Figure 97: Left quadriceps MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M03. 
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Figure 98: Right quadriceps MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M03. 
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Figure 99: Right quadriceps MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M03. 
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Figure 100: Left hamstrings MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M03. 
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Figure 101: Left hamstrings MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M03. 
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Figure 102: Right hamstrings MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and 

tested model (red) for participant M03. 
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Figure 103: Right hamstrings MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M03. 
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Figure 104: Left extra MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M03. 
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Figure 105: Left extra MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), literature 

value (green), and tested model (red) for participant M03. 
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Figure 106: Right extra MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M03. 
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Figure 107: Right extra MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M03.
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M07 Optimisation Results  

Table 39: Tabulated optimisation results for quadriceps MTU group for participant M07 

Model 

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 0.96 ±0.07  1.22 ± 0.21 386.11 ± 378.66 

2 8 8 1.01 ± 0.11 3.1 ± 1.34 10486.48 ± 11403.17 

3 0 7 1.06 ± 0.11 1.29 ± 0.38 1335.96 ± 1273.67 

4 0 0 1.06 ± 0.11 0.89 ±0.34 967.41 ± 725.47 

5 0 2 1.06 ±0.11 2.38 ±1.3 5404.67 ± 5748.93 

6 0 1 1.02  ± 0.17  1.3  ± 0.36 184.68  ± 253.23 

7 0 4 2.36  ± 2.49  1.31  ± 0.43 128.66  ± 230.42 
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Table 40: Tabulated optimisation results for hamstrings MTU group for participant M07 

Model 

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 1.21 ± 0.24 1.28 ± 0.28 860.26 ± 952.19 

2 2 5 1.31 ± 0.11 3.25 ± 2.99 414.36 ± 521.68 

3 0  7 1.31 ± 0.11 2.0 ± 1.04 1225.92 ± 1132.93 

4 1 2 1.78 ± 1.22 1.38 ± 0.31 1662.58 ± 2324.49 

5 2 2 1.15 ± 0.3 5.63 ± 8.27 7557.83 ± 9880.13 

6 1 1 1.36  ± 0.16 1.58  ± 0.94 47.34  ± 57.75 

7 2 1 1.21  ± 0.32 2.13  ± 1.25 302.79  ± 409.94 
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Table 41: Tabulated optimisation results for extras MTU group for participant M07 

Model 

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 1.02 ±0.15 1.17 ± 0.17 126.74 ± 22.28 

2 4  4 1.13 ± 0.13 1.38 ± 0.26 414.36 ± 521.68 

3 6 8 1.13 ± 0.13 1.5 ± 0.44 368.2 ± 364.79 

4 8 7 1.13 ± 0.13 2.0 ± 1.2 3482.61 ± 3654.53 

5 4 5 1.13 ± 0.13  3.25 ± 3.19 10589.49 ± 19362.2 

6 6 2 1.13  ± 0.13 1.33  ± 0.29 100.83  ± 159.13 

7 2 4 1.3  ± 0.8 1.71  ± 0.7 18.66  ± 14.30 
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Figure 108: Left quadriceps MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M07. 
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Figure 109: Left quadriceps MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M07. 
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Table 110: Right quadriceps MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M07. 
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Figure 111: Right quadriceps MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M07. 
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Figure 112: Left hamstrings MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M07. 
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Figure 113: Left hamstrings MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M07. 
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Figure 114: Right hamstrings MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and 

tested model (red) for participant M07. 
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Figure 115: Right hamstrings MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M07. 
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Figure 116: Left extra MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M07. 
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Figure 117: Left extra MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), literature 

value (green), and tested model (red) for participant M07. 
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Figure 118: Right extra MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M07. 
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Figure 119: Right extra MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M07.
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M09 Optimisation Results  

Table 42: Tabulated optimisation results for quadriceps MTU group for participant M09 

Model 

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 0.96 ± 0.07 1.17 ± 0.2 497.89 ± 467.59 

2 8 8 1.06 ± 0.11 3.01 ± 1.39  10541.95 ± 12193.33 

3 0 8 1.06 ± 0.11 1.04 ± 0.21 1247.37 ± 1064.24 

4 0 2 1.06 ± 0.11 1.22 ± 0.21 727.56 ± 685.07 

5 1 4 1.06 ±0.11 1.27 ± 0.47 1795.19 ± 1781.23 

6 0 0 0.93  ± 0.18 1.22  ± 0.21 29.27  ± 23.51 

7 0 3 1.06  ± 0.11 1.34  ± 0.63 170.5  ± 313.92 
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Table 43: Tabulated optimisation results for hamstrings MTU group for participant M09 

Model 

number 

Moment arm 

polarity error 

Bone MTU penetration 

error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 1.19 ± 0.11 1.25 ± 0.28 782.39 ± 836.59 

2 2 4 1.21 ± 0.24 2.71 ± 2.7 810.95 ± 811.92 

3 0 1 1.31 ± 0.11 1.38 ± 0.61  499.67 ± 656.09 

4 3 4 1.15 ± 0.22 1.96 ± 1.09 1978.06 ±2522.76 

5 5 4 1.31 ± 0.11 4.0 ± 3.91 4967.64 ±4655.82 

6 2 0 1.21  ± 0.24 1.54  ± 0.96 34.4  ± 47.59  

7 0 0 1.31  ± 0.11 1.33  ± 0.0 357.71  ± 472.41 
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Table 44: Tabulated optimisation results for extras MTU group for participant M09 

Model 

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 1.02 ± 0.15 1.17 ± 0.17 98.9 ± 19.9 

2 3 4 0.97 ± 0.13  1.04 ± 0.31 258.09 ± 206.02 

3 5 4 1.13 ± 0.13 1.29 ± 0.11 194.72 ±105.26 

4 8 7 4.13 ± 7.74 17.33 ± 33.98 139305.49 ± 284684.92 

5 6 7 2.77 ± 2.82 16.25 ± 26.87 129559.43 ± 227720.7 

6 4 2 1.03  ± 0.2 1.17  ± 0.29 99.6  ± 126.55 

7 5 2 1.02  ± 0.26 1.21  ± 0.33 91.83  ± 132.34 
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Figure 120: Left quadriceps MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M09. 
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Figure 121: Left quadriceps MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M09. 
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Figure 122: Right quadriceps MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and 

tested model (red) for participant M09. 
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Figure 123: Right quadriceps MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M09. 
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Figure 124: Left hamstrings MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M09. 
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Figure 125: Left hamstrings MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M09. 
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Figure 126: Right hamstrings MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and 

tested model (red) for participant M09. 
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Figure 127: Right hamstrings MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M09. 
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Figure 128: Left extra MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M09. 
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Figure 129: Left extra MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), literature 

value (green), and tested model (red) for participant M09. 
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Figure 130: Right extra MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M09. 
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Figure 131: Right extra MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M09. 
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M11 Optimisation Results  

Table 45: Tabulated optimisation results for quadriceps MTU group for participant M11 

Model 

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 0.96 ± 0.07 1.22 ± 0.21 425.6 ± 664.67 

2 8 8 1.06 ± 0.11 2.99 ± 1.24 11134.84 ± 12829.07 

3 0 8 1.06 ±0.11  1.36 ± 0.32 1402.03 ± 1537.58 

4 0 1 1.06 ± 0.11 1.52 ± 0.4 1262.44 ± 1529.02 

5 0 2 0.98 ± 0.21 1.63 ±0.33 2825.38 ± 2561.22 

6 0 1 1.06  ± 0.11 1.62  ± 0.73  361.67  ± 436.12  

7 0 2 0.98  ± 0.21 1.12  ± 0.33 19.92  ± 11.18 
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Table 46: Tabulated optimisation results for hamstrings MTU group for participant M11 

Model 

number 

Moment arm 

polarity error 

Bone MTU 

penetration error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 1.08 ± 0.18 1.25 ±0.28 848.42 ± 945.57 

2 4 2 1.31 ± 0.11 4.0 ± 2.08 1021.53 ± 1202.14 

3 3  6 1.31 ± 0.11 2.88 ± 1.04 769.48 ± 775.41  

4 2 3 1.31 ±0.11 2.33 ± 0.93 1424.22 ± 2061.5 

5 2 3 1.19 ±0.11 2.42 ±1.29 3562.46 ± 6423.15 

6 0 0 1.2  ± 0.19 1.75  ± 0.57 53.82  ± 74.39 

7 2 3 1.31  ± 0.11 2.58  ± 1.35 444.44  ± 493.42 
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Table 47: Tabulated optimisation results for extras MTU group for participant M11 

Model 

number 

Moment arm 

polarity error 

Bone MTU penetration 

error 

Length  

smoothness 

Moment arm 

smoothness 

Moment arm  

gradient error 

1 0 NA 1.02 ± 0.15 1.25 ± 0.14 121.14 ± 18.07 

2 3 4 1.13 ± 0.13 2.29 ± 0.93  266.22 ± 230.9 

3 5 3 1.13 ± 0.13 1.88 ± 0.67 152.01 ± 117.94 

4 6 3 7.74 ± 17.55  16.33 ± 37.93 124627.85 ± 327962.49 

5 7 6 1.21 ± 0.12 7.79 ± 15.71  59578.58 ± 156232.25 

6 5 0 1.13  ± 0.13 1.75  ± 0.57 11.59  ± 8.49 

7 2 1 1.13  ± 0.0 1.33  ± 0.0 93.86  ± 114.53 
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Figure 132: Left quadriceps MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M11. 
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Figure 133: Left quadriceps MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M11. 
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Figure 134: Right quadriceps MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and 

tested model (red) for participant M11. 
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Figure 135: Right quadriceps MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M11. 
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Figure 136: Left hamstrings MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M11. 
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Figure 137: Left hamstrings MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M11. 
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Figure 138: Right hamstrings MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and 

tested model (red) for participant M11. 
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Figure 139: Right hamstrings MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M11. 
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Figure 140: Left extra MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M11. 
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Figure 141: Left extra MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), literature 

value (green), and tested model (red) for participant M11. 
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Figure 142: Right extra MTU lengths through the TFJ range of motion on the 7 various models showing the generic (black) and tested 

model (red) for participant M11. 
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Figure 143: Right extra MTU moment arms through the TFJ range of motion on the 7 various models showing the generic (black), 

literature value (green), and tested model (red) for participant M11. 
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