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Abstract 

Numerous musculoskeletal pathologies have been linked to altered tissue loading 

conditions. However, it is extremely difficult to measure in-vivo tissue loads, and 

internal loads are often inferred from external variables. A typical example is knee 

osteoarthritis (OA), with one of the main causes believed to be inappropriate loading in 

the tibiofemoral joint during walking. Large external adduction moments have been 

associated with the progression of knee OA, increased pain, and worse outcome after 

osteotomy surgery. However, estimates of the knee joint articular loading should also 

include contributions from muscle forces, which account for up to 50% of the total load. 

Also, muscle activation patterns differ between individuals, even when kinematics and 

kinetics are the same.  

The modification of gait based on real-time biofeedback is a non-surgical treatment that 

has the potential to reduce the symptoms associated with knee OA. However, current 

gait retraining practices focus on the reduction of the external knee adduction moment, 

which is not necessarily a good indicator of knee load, and it may be crucial to find 

better approaches to retrain gait.  

Neuromusculoskeletal (NMS) models are an anatomical and physiological 

representation of an individual, and can be used to estimate muscle forces and tissue 

loading inside the human body. However, the musculoskeletal system is inherently 

redundant and the same external loads can be distributed differently across muscles. 

Several neural control solutions have been suggested in the literature to solve this 

problem: the use of electromyograms (EMG), optimisation, or combinations of both. 

Nonetheless, there is no public available software implementing all these methods using 
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a consistent NMS model, thus impeding the comparison of different neural solutions in 

a consistent manner. 

This thesis relates the development of a comprehensive and computationally efficient 

NMS toolbox (CEINMS – Calibrated EMG-Informed NMS model) that incorporates 

multiple neural control solutions to estimate muscle forces and tissue loads, and its 

application to the real-time estimation of knee joint loads.  

CEINMS was developed and released as open-source software and toolbox for 

OpenSim (https://simtk.org/home/ceinms). In this thesis the main components of 

CEINMS are described, including the calibration procedure to estimate individual 

musculotendon parameters, and the implemented neural control algorithms: EMG-

driven, EMG-assisted, and static optimisation. CEINMS was then used to compare the 

different neural control algorithms and estimate muscle co-contractions in healthy 

subjects during walking. Results showed the EMG-driven mode to be adequate to 

investigate knee and ankle joints, while EMG-assisted mode has to be preferred to 

analyse the hip joint. The paper describing CEINMS and this research was published as 

Pizzolato C., Lloyd D.G., Sartori M., Fregly B.J., Ceseracciu E., Besier T.F., Reggiani, 

M., CEINMS: a toolbox to investigate the influence of different neural solutions on the 

prediction of muscle excitation and joint moments during dynamic motor tasks, Journal 

of Biomechanics, 48: 3929–3936, 2015. 

To enable the use of CEINMS in real-time during walking, the estimation of joint 

angles and moments from motion capture data was also required. Inverse kinematics 

and inverse dynamics were solved in real-time at a frequency up to 2000Hz. Real-time 

and offline solutions were compared and a sensitivity analysis explored the best cut-off 

frequency to be used in real-time to minimise both errors and time delays. The 

manuscript describing this research was submitted as Pizzolato C., Reggiani M., 
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Modenese L., Lloyd D.G., Real-time inverse kinematics and inverse dynamics for lower 

limb applications using OpenSim, Computer Methods in Biomechanics and Biomedical 

Engineering. 

Real-time EMG-driven mode of CEINMS, inverse kinematics, and inverse dynamics 

were combined to estimate musculotendon forces and tissue load. The real-time system 

was used for provide the visual biofeedback of the medial knee contact force to subjects 

walking on a instrumented treadmill. The subjects modified their gait in order to 

manipulate the medial contact force, and it was shown that the use of NMS models that 

account for individuals’ muscle activation patterns and co-contraction are essential to 

the estimation of knee loads. The manuscript describing this research is close to 

submission as Pizzolato C., Reggiani M., Saxby D.J., Modenese L., Lloyd D.G., Real-

time tibiofemoral joint contact force biofeedback for gait retraining, Journal of 

Biomechanics 
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Chapter 1. The problem 

1.1. Introduction 

Humans can use a variety of muscle activation patterns to perform the same movement 

(Buchanan and Lloyd, 1995; Lloyd and Buchanan, 2001; Tax et al., 1990), and these 

patterns are adapted for anatomy, injury, and disease (Buchanan and Lloyd, 1995; Lloyd 

and Buchanan, 2001; Tax et al., 1990). Muscles generate loads on various 

musculoskeletal tissues, and altered musculoskeletal tissue loading has been associated 

with numerous pathologies such as hip and knee osteoarthritis (Andriacchi et al., 2004; 

Arokoski et al., 2000; Wu et al., 1990), patellofemoral instability (Mulford et al., 2007), 

patellofemoral pain syndrome (Outerbridge and Dunlop, 1975), and tendinopathy 

(Arnoczky et al., 2007; Zhang and Wang, 2010). Restoring altered tissues loading to 

more appropriate levels and characteristics may promote positive structural and 

mechanical adaption of tissues, resulting in more effective rehabilitation (Wang et al., 

2015). 

Real-time estimation of musculoskeletal tissue loads has the potential to radically 

transform the rehabilitation interventions and training programs. The real-time 

prediction of internal loads would allow one to instantly evaluate the effect of 

rehabilitation exercises on tissue loading, enabling clinicians to interactively work with 

the patient to attain a personalised appropriate exercise. However, the estimation of such 

loads is challenging (Fregly et al., 2012a) and requires the use of computational models 

that need to account for anatomical, movement, and neurological variations among 

individuals (Gerus et al., 2013; Lloyd and Besier, 2003). 

Neuromusculoskeletal (NMS) models are a mathematical representation of the 

neurological, physiological, and anatomical characteristics of an individual. NMS 
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models can be used to estimate the forces inside the human body (Erdemir et al., 2007), 

and have been used to determine articular load in the hip (Fernandez et al., 2014), knee 

(Gardinier et al., 2013; Gerus et al., 2013; Khandha et al., 2015; Kumar et al., 2013; 

Manal and Buchanan, 2013; Saxby et al., 2015; Saxby et al., 2016a; Saxby et al., 2016b; 

Saxby et al., 2016c; Wellsandt et al., 2016; Winby et al., 2013; Winby et al., 2009) and 

forces in the Achilles tendon (Ceseracciu et al., 2015a; Manal et al., 2012). However, 

joints are redundant systems where the number of muscles is greater than the number of 

degrees of freedom. This results in an indeterminate problem, in which many different 

muscle activation patterns can be used to solve for the same dynamic of motion and 

loading (Collins, 1995). 

The redundancy problem has been solved using neural control solutions based on 

optimisation, electromyograms (EMG), or a combination of both. Neural control 

solutions based on optimisation, such as static and dynamic optimisations, involve the 

use of closed-loop inverse dynamics that track the instantaneous external joint moments 

and/or joint kinematics (Davy and Audu, 1987; Thelen et al., 2003) to estimate muscle 

activations and forces using an a priori minimisation criterion (Anderson and Pandy, 

2001a; Crowninshield et al., 1978). However, optimisation methods are sensitive to the 

optimisation criterion employed and cannot well capture the variation of co-activation 

patterns evident in the experimental EMG (Cholewicki et al., 1995), which is especially 

prevalent and varied in pathological populations (Astephen et al., 2008; Heiden et al., 

2009b; Hortobágyi et al., 2005; Hubley-Kozey et al., 2006; Mills et al., 2013; Patsika et 

al., 2014; Sturnieks et al., 2011a; Tsai et al., 2012). Alternatively, categorised as EMG-

informed models, EMG-driven models and EMG-assisted models use EMG signals and 

three-dimensional joint angles to define the instantaneous kinematics and kinetics of 

individual muscles (Barrett et al., 2007; Buchanan and Lloyd, 1995; Lloyd and Besier, 

2003; Manal and Buchanan, 2013; Manal et al., 2015; Manal et al., 2012; Sartori et al., 
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2014; Sartori et al., 2012a; Walter et al., 2015; Wellsandt et al., 2016; Winby et al., 

2009). While EMG-driven models correctly capture muscle co-contractions (Winby et 

al., 2009), they are not without limitations (Chèze et al., 2012), such as the limited 

number of muscles from which EMG can be measured and measurement errors 

associated with EMG, e.g. cross talk. Subsequently, EMG-assisted models have been 

developed. These employ a hybrid neural control solution that combines the best of both 

EMG-driven models and optimisation methods (Higginson et al., 2012; Sartori et al., 

2014; Sartori et al., 2013; Walter et al., 2015). In EMG-assisted models (Sartori et al., 

2014) the experimental EMGs are adjusted to better match experimental joint moments 

while the excitation of muscles lacking of experimental EMG measures are 

reconstructed through optimisation.  

Muscle synergies have also been used as input for EMG-driven and EMG-assisted 

neural control solutions (Allen and Neptune, 2012; McGowan et al., 2010; Neptune et 

al., 2009; Sartori et al., 2013; Walter et al., 2014). Low-dimensional set of synergy 

modules are first created from experimental EMG. Then, synergy modules are linearly 

combined by mean of weighing coefficients to reconstruct muscle excitations, which are 

used in NMS models to estimate joint moments or movement. Synergy-driven NMS 

models have been used in closed-loop to adjust the module weightings in order 

minimise the errors between predicted and experimental variables (Allen and Neptune, 

2012; McGowan et al., 2010; Neptune et al., 2009). Alternatively, calibrated synergy-

driven NMS models have been used in open-loop, resulting in estimates similar to those 

obtained by calibrated EMG-driven models (Sartori et al., 2013; Walter et al., 2014). 

However, all these different neural control solutions have never been implemented 

using a consistent musculoskeletal model. Also, EMG-informed models are 

independently developed across different research groups and are not publicly available. 
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Consequently, it is impossible to reliably compare the results of different neural control 

solution. 

Prior to beginning of my doctorate in 2012, the various EMG-informed modelling 

methods were not all implemented in one package, and were characterised by slow 

computation, difficultly in use, non-configurable, and not enabled for real-time. My 

thesis focussed on the development of the Calibrated EMG-Informed 

Neuromusculoskeletal Modelling Toolbox (CEINMS) (Pizzolato et al., 2015), which is 

a suite of EMG-informed modelling methods that has been developed and currently 

used by four different institutions: Centre for Musculoskeletal Research (CMR), 

Menzies Health Institute Queensland, Griffith University, Gold Coast, Australia; 

Department of Management and Engineering of the University of Padua, Italy; 

Bernstein Centre for Computational Neuroscience (BCCN), University Medical Centre 

Göttingen, Georg-August University, Germany; and the Auckland Bioengineering 

Institute, University of Auckland, New Zealand. The EMG-informed modelling 

methods are tuned, or calibrated, to the individual to ensure a high level of predictive 

accuracy (Buchanan and Lloyd, 2004; Gerus et al., 2013; Lloyd and Besier, 2003; 

Manal and Buchanan, 2013; Sartori et al., 2012a; Sartori et al., 2012c). Accuracy was 

tested, or validated, by assessing model predictions of other recorded data not included 

in the calibration. The EMG-informed modelling methods have been successfully 

validated on healthy subjects, producing excellent predictions of the hip adduction-

abduction, hip flexion-extension, knee flexion-extension, and ankle dorsi-plantar flexion 

joint moments, during four different motor tasks (walking, running, side-stepping, and 

cross-over) (Buchanan and Lloyd, 2004; Lloyd and Besier, 2003; Sartori et al., 2012a). 

It has also been validated on people who had instrumented total knee replacement, 

where the EMG-driven version accurately predicted both medial and lateral contact 
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forces directly measured in the tibiofemoral joint (Gerus et al., 2013; Manal and 

Buchanan, 2013).  

Accurate kinematic and kinetic data is also required as input of NMS models, adding a 

further challenge to the development of a real-time system. Marker-based 

stereophotogrammetry is considered the gold standard to acquire human motion data 

(Cappozzo et al., 2005). Retro-reflective markers are attached on specific anatomical 

landmark and a set of infrared cameras is used to collect the three-dimensional (3D) 

marker trajectories in space. The kinematics of the person is then reconstructed using 

either direct or inverse kinematics approaches. Direct kinematics considers markers 

rigidly attached to body segments, and as such it is a fast algorithm that is often used in 

real-time (Wheeler et al., 2011). However, it may produce inaccurate joint angles 

estimates, introducing joint disarticulations and/or changes in segment lengths (Lu and 

O'Connor, 1999), which are clearly non-physiological behaviours that also result in 

altered MTU kinematics. Conversely, inverse kinematics globally optimises an 

anatomical model’s generalised coordinates, i.e. joint postures, to minimise tracking 

errors between experimental markers and virtual markers attached to segmental-

skeletal-joint model of a person (Lu and O'Connor, 1999). This results in physiological 

joint movements, but increases the computational complexity. Joint moments are 

subsequently calculated from segmental and joint kinematics and the ground reaction 

forces using inverse dynamics to solve the dynamic equation of motions (Kuo, 1998). 

OpenSim (Delp et al., 2007) is a popular open-source software to analyse human motion 

based on the multibody dynamics engine Simbody (Sherman et al., 2011), which 

provides tools to solve inverse kinematics and inverse dynamics. Importantly, OpenSim 

is a generic simulation platform that can use musculoskeletal models from 

individualised bone geometries, joint definitions and parameters, and musculotendon 
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paths built from cadavers (Delp et al., 1990; Horsman et al., 2007) and/or medical 

imaging (Dao et al., 2014; Gerus et al., 2013; Martelli et al., 2011). The creation of 

subject-specific musculoskeletal models is of major interest for future applications in 

rehabilitation medicine (Fregly et al., 2012b). This interest is corroborated by recent 

studies on people walking with instrumented tibial implants where the use of subject-

specific musculoskeletal models improved the accuracy of tibiofemoral contact force 

predictions (Gerus et al., 2013; Marra et al., 2015). However, OpenSim cannot operate 

in real-time, nor does it implement EMG based neural control solutions to solve for 

muscle forces implemented and other internal loads. 

As an alternative to NMS models, a simplified approach is the use of external or 

surrogate variables to infer internal loads. This is the case for knee OA, where the 

medial tibiofemoral contact force (MTFF) during walking is believed to be the main 

mechanical cause for development and progression of the disease (Andriacchi and 

Dyrby, 2005; Andriacchi and Mundermann, 2006). However, the MTFF cannot be 

routinely measured in humans in-vivo. Alternatively, the knee adduction moment 

(KAM), one of the three external moments acting on the knee joint, has been used as a 

surrogate measure for MTFF due to its action to focus load on the medial compartment 

of the knee (Andriacchi et al., 2004; Schipplein and Andriacchi, 1991). Importantly, 

KAM has been associated with fast progression of knee OA (Miyazaki et al., 2002), loss 

of medial cartilage (Bennell et al., 2011; Hall et al., 2015), knee pain (Amin et al., 

2004), and knee surgical outcomes (Prodromos et al., 1985; Wang et al., 1990). 

Furthermore, gait modifications have been used as a conservative treatment to reduce 

pain and restore function in people with knee OA (Fregly, 2012). Kinematics changes, 

such as slower walking speed (Robbins and Maly, 2009), increased step width (Fregly 

et al., 2008), increased trunk sway (Hunt et al., 2008), change in the foot progression 

angle (Guo et al., 2007), and medialised knee gait patterns (Fregly et al., 2007) have 
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been shown to reduce the KAM (Mundermann et al., 2004). However, achieving the 

desired gait modifications is challenging (Fregly, 2012). 

Biofeedback involves the use of external cues based on biomechanical measures to 

guide people to achieve a target gait modification (Sigrist et al., 2013). Spatiotemporal 

gait parameters (Aruin et al., 2003), kinematics (Barrios et al., 2010; Huffman et al., 

2010; van den Noort et al., 2015), and kinetics (Shull et al., 2013b; van den Noort et al., 

2015) have been used in gait modifications biofeedback system. There has been 

inconsistent success in spatiotemporal and kinematics biofeedback system ability in 

reducing the KAM (van den Noort et al., 2015); however, the direct use of KAM has 

shown promising results (Shull et al., 2013b; van den Noort et al., 2015). Specifically, 

in a gait retraining study comprising of 10 people with knee OA, Shull et al. (2013b) 

showed significant reduction in KAM that was associated with reduced pain and 

improved function.  

As mentioned, MTFF is believed to be the main mechanical cause of onset and 

progression of knee OA (Andriacchi and Dyrby, 2005; Andriacchi and Mundermann, 

2006). However, recent studies on people with instrumented knee implants have shown 

how that the KAM has poor to moderate correlations with the MTFF (Meyer et al., 

2013), and that a reduction in KAM does not guarantee a reduction of MTFF (Walter et 

al., 2010). Indeed, the MTFF is a function of both external loads and muscle forces, 

which depend on muscle activation and muscle physiological characteristics, e.g. 

muscle cross sectional area (Walter et al., 2010; Winby et al., 2009). Subsequently, all 

these neuromuscular factors must be considered to well estimate the MTFF (Gerus et 

al., 2013; Manal and Buchanan, 2013), and there is evidence that these factors all 

contribute to the MTFF and knee OA onset and progression. 
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Altered muscle activation patterns, characterised by increased levels of co-contraction, 

have been observed in OA population (Astephen et al., 2008; Heiden et al., 2009b; 

Hortobágyi et al., 2005; Hubley-Kozey et al., 2006; Mills et al., 2013; Patsika et al., 

2014; Sturnieks et al., 2011a; Tsai et al., 2012). Co-contraction have been suggested to 

act as a mechanism to prevent lateral compartment lift-off and unloading (Brandon et 

al., 2014; Winby et al., 2009), and people with various knee joint pathologies have 

increased co-contraction, i.e. mid-to-late stage knee OA (Hubley-Kozey et al., 2006), 

partial meniscectomy (Sturnieks et al., 2011b), and those who have anterior cruciate 

ligament reconstruction (Tsai et al., 2012). Importantly, increased duration of co-

contraction has been associated with faster loss of medial knee joint cartilage (Hodges 

et al., 2016). 

Although still open to debate, loss of knee muscle cross sectional area, i.e. atrophy, and 

muscle weakness are implicated in the onset and development of symptomatic (Segal et 

al., 2012; Segal and Glass, 2011; Segal et al., 2009) and radiographic knee OA (Conroy 

et al., 2012), in particular in women (Slemenda et al., 1998). Furthermore, quadriceps 

resistance training may improve symptomatic knee OA (McQuade and de Oliveira, 

2011; Pietrosimone and Saliba, 2012), with the one exception are people who have 

varus malaligned knees where quadriceps strength training may attenuate improvements 

(Lim et al., 2008; Sharma et al., 2003). Although untested, knee muscle atrophy and 

weakness, and resistance training to recover muscle function, may all impact the MTFF, 

especially given that muscle contribute up to 50% of the MTFF (Winby et al., 2009). 

However, appropriate muscular loading of knee articular surfaces, possibly mediated 

through articular loading, is important for knee health (Andriacchi et al., 2009; Bader et 

al., 2011; Herzog et al., 2003).  
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There is evolving understanding that MTFF under-loading, in addition to overloading, 

may be equally important for onset and progression of knee OA, especially in some 

patient populations. In those with mid-stage medial knee OA higher MTFF have been 

reported (Kumar et al., 2013). However, Saxby and colleagues (Saxby et al., 2015; 

Saxby et al., 2016b) have recently shown that ACLR 2-year post surgery have lower 

MTFF in walking, running and side stepping, compared to healthy controls. In addition, 

the healthy controls and ACLR without meniscal damage with larger MTFF in walking 

have healthier cartilage and bone (Saxby et al., 2015; Saxby et al., 2016b). Furthermore, 

lower-than-normal MTFF in the first two years after ACLR surgery predisposes one to 

greater risk of radiographic knee OA at 4-years post surgery (Wellsandt et al., 2016). 

What is required is to retrain gait using the MTFF as the biofeedback variable, which 

has the potential to directly affect the progression knee OA (Fregly, 2012) across 

different patient populations (Kumar et al., 2013; Saxby et al., 2015; Saxby et al., 

2016b; Wellsandt et al., 2016). However, no system currently exists that is able to 

calculate the MTFF in real-time. 

1.2. Statement of the problem 

Musculoskeletal tissue health is related to the loads they experience. Real-time 

estimation of these loads may be used in post injury rehabilitation or as preventive 

training to restore the optimal musculoskeletal tissues load and promote positive 

structural and mechanical adaption. Gait retraining via biofeedback is a promising 

technology that may enable people to regulate the load in their musculoskeletal tissues. 

However, it is not possible to measure musculoskeletal tissue loads in-vivo. 

Consequently, current biofeedback system focus on the modification of external 
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biomechanical variables, which are easily measured but poorly correlate with 

musculoskeletal tissue loads.  

NMS models have been used to estimate musculoskeletal tissue loads, but their real-

time use is limited by several challenges. Furthermore, different neural control solutions 

for these NMS models have been proposed in literature, but it is not possible to perform 

a consistent comparison among the neural control solutions since they are generally 

unavailable to the research community, and are not accessible in one software package. 

OpenSim is a popular open-source software to analyse human motion, which permits 

the use of personalised anatomical models and provides inverse kinematics and inverse 

dynamics algorithms. However, it lacks of neural control solutions based on EMG, and 

it is not enabled for real-time use. Conversely, different EMG-informed neural control 

solutions have been developed: however, prior the beginning of my doctorate in 2012, 

these were mostly in different pieces of software not well integrated into CEINMS, 

difficult to use, not configurable, and not enabled for real-time. 

The overarching goal of this thesis was to develop a generic EMG-informed NMS 

model integrated with OpenSim to estimate musculoskeletal tissue loads in real-time. 

This was divided in three separate aims. The first aim of this thesis was to fully develop 

and integrate a range of EMG-informed and static optimisation neural control solutions 

for NMS modelling into CEINMS, moving it from a difficult to use research tool 

characterised by slow computation to an integrated, easy to use, robust and 

computationally rapid toolbox. This included a comparison of the different neural 

control solution implemented in CEINMS and the open-source release of CEINMS 

software in order to allow the research community to further explore such differences. 

As part of this aim, CEINMS was also extended to execute in real-time, although this 

version was not publicly released. The second aim of this thesis was the development of 
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a system able to perform inverse kinematics and inverse dynamics in real-time. This 

was necessitated to interface OpenSim with a motion capture system, and develop a 

software architecture to enable the use of OpenSim inverse kinematics and inverse 

dynamics in real-time, and test the performance of the real-time system. The software 

developed within this second aim was also publicly released. The third aim of this thesis 

was to connect real-time inverse kinematics and inverse dynamics with real-time 

CEINMS, and to provide an example of real-time musculoskeletal tissue loads 

estimation. The knee joint articular contact forces were estimated in real-time and used 

as biofeedback variable for gait modification. 

1.3. Research questions to be addressed 

1) How does the use of different neural control solutions affect the estimation of 

effective muscle co-contractions? 

2) What is the difference between the joint angles and the external joint moments 

computed in real-time and those computed offline? 

3) Is it possible to estimate joint angles and moments in real-time that are the same 

as those determined offline? 

4) What is the difference between MTFF estimated in real-time and offline? 

5) Is it possible to modify gait using biofeedback of MTFF? 

6) What are the changes in the kinematics of gait, external knee moments, and 

activation of muscles surrounding the knee that are associated to a decrease or 

increase of MTFF?  

1.4. Limitations 

 Generic anatomical models were used in place of subject-specific models built 

from medical imaging 
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 Knee joint articular contact forces were not directly validated to in-vivo 

measures. 

 Experimental EMG were measured from 16 sites on a single leg of the 

participants. EMG of deep muscles, such as iliacus and psoas, were not 

acquired. 

1.5. Delimitations 

 The neural control solutions implemented in CEINMS are focused on real-time 

execution. This excluded dynamic optimisation, which are non-causal 

algorithms.   

 Only the EMG-driven neural control solution was optimised to work in real-time 

conditions. 

 The public release of the CEINMS included only the offline execution on the 

neural control solutions. 

1.6. Thesis overview 

This thesis consists of seven chapters, inclusive of this introduction. The second chapter 

reviews previous research relevant to the topic of this thesis. Chapter 3 outlines the 

employed software design methodologies as well as changes that were made to 

CEINMS as part of the software improvement. Chapters 4, 5, and 6 are in manuscript 

format. Chapter 4 describes the use of CEINMS, and investigates the influence of 

different control solutions on the prediction of muscle excitation and joint moments in 

walking. Chapter 5 concerns the development and validations of the real-time inverse 

kinematics and dynamics algorithms. This paper has been submitted to Computer 

Method in Biomechanics and Biomedical Engineering, and it is currently under review. 

Chapter 6 uses the software developed in Chapters 4 and 5 to provide visual 
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biofeedback of MTFF, which is used to alter the gait of healthy subjects. Chapter 7 

summarises the results of this research and makes recommendations for future work. 
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Chapter 2. Literature review 

2.1. Prologue 

Musculoskeletal tissue loads play an essential role in maintaining the local tissue 

homeostasis and, consequently, tissue health (Andriacchi et al., 2009; Bader et al., 

2011; Herzog et al., 2003). Daily living activities, such as walking, are characterised by 

large number of repetitive loading cycles to which musculoskeletal tissues adapt 

(Andriacchi and Mundermann, 2006). While optimal loading contributes in maintaining 

healthy musculoskeletal tissue homeostasis, changes to the normal patterns of 

locomotion, as well as changes in tissue structure and biology can disrupt homeostasis 

(Andriacchi et al., 2009). Importantly, altered loading has been associated with several 

pathologies such as patellofemoral pain syndrome (Outerbridge and Dunlop, 1975), 

tendinopathy (Arnoczky et al., 2007; Zhang and Wang, 2010), and osteoarthritis (OA) 

(Andriacchi et al., 2004; Arokoski et al., 2000; Wu et al., 1990). 

OA is a progressive, degenerative, and common joint disease, in which the normal 

balance between the breakdown and synthesis of the articular tissues has been disrupted, 

resulting in a predominant breakdown process (Gerter et al., 2012; Goldring and 

Goldring, 2010; Lories and Luyten, 2011; van den Berg, 2011; Zhang et al., 2012). OA 

is one of the leading causes of functional decline and disability over age 65 in Australia 

(Australian Institute of Health and Welfare, 2007) , and the first cause of disability in 

United States (Lawrence et al., 2008). In a report from the Australian Institute of Health 

and Welfare (2007) more than 1.3 million Australians were estimated to suffer from 

knee or hip OA, with associated annual costs of $1.2 billion in 2000-01. Importantly, 

there is currently no cure for OA.  
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The knee is the most common joint affected by OA (Cross et al., 2014), with higher 

prevalence in the medial compartment (Thomas et al., 1975). Consequently, it is not 

surprising that a large body of literature has focused on understanding the aetiology of 

onset and progression of knee OA. An in depth overview of knee OA and the 

mechanobiology of the articular tissue is out of the scope of this thesis and is covered 

extensively by others (Bader et al., 2011; Taber, 1995). However, I will present the 

current prevailing views in literature regarding the cause of onset and progression of 

knee OA, as well as the controversial findings concerning the relationship between knee 

OA and altered musculoskeletal tissue loads. 

2.2. Onset and progression of osteoarthritis 

OA is a disease that affects the whole joint (Brandt et al., 2006). While degradation of 

cartilage tissue is a distinct phenomenon of OA (Chaudhari et al., 2008), alterations in 

the subchondral bone often occur prior to articular cartilage changes (Radin and Rose, 

1986). In OA joints, the subchondral bone becomes thicker (Simon et al., 1972) and it is 

subject of increased metabolic activity associated to modelling and remodelling 

processes (Brandt et al., 1991b), with potential changes to bone stiffness (Simon et al., 

1972). Variation in the subchondral bone may result in deformation of articular cartilage 

at the interface and, consequently, in increased shear forces (Radin et al., 1970; Radin 

and Rose, 1986; Simon et al., 1972), which have been associated with fibrillation and 

cracking of articular cartilage (Foss and Byers, 1972; Meachim, 1975). Although still 

debated, this suggests that OA pathology develops first in the subchondral bone and 

subsequently in the articular cartilage (Anderson-MacKenzie et al., 2005; Newberry et 

al., 1997). 
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In addition to subchondral bone changes and articular cartilage degradation, the OA 

joint also presents with bone edema, known as bone marrow lesions (Bassiouni, 2010), 

and outgrowths of the subchondral bone plates, known as osteophytes (Hernborg and 

Nilsson, 1973). Bone marrow lesions have been correlated to progression of OA (Felson 

et al., 2003), articular cartilage degradation (Dore et al., 2010; Hunter et al., 2006), joint 

pain (Felson et al., 2001), and are strong predictors of future onset of knee OA (Roemer 

et al., 2015). Although the pathogenesis of bone marrow lesions is poorly understood, 

mechanical loading has been suggested as possible factor (Bennell et al., 2010). 

Specifically, bone marrow lesions have been related to both static knee loading 

indicated by knee malalignment (Felson et al., 2001; Hunter et al., 2006), and dynamic 

knee loading, i.e. the knee adduction moment (KAM), during gait (Bennell et al., 2010). 

Nonetheless, the pathologies associated with OA gradually increase in severity, 

advancing from the initial afflicted area to the surrounding tissues, resulting in the 

impairment of the entire joint. However, the mechanisms associated with the 

pathogenesis of OA remain unclear. 

Pathogenesis of OA has been suggested to be the result of complex interaction between 

biomechanical and biological risk factors (Egloff et al., 2014). Biomechanical risk 

factors are often associated with abnormal knee mechanics (Felson, 2013), which can be 

caused by anterior cruciate ligament (ACL) rupture (Barenius et al., 2014; Lohmander 

et al., 2004; Roos et al., 1995), meniscal damage (Edd et al., 2015; Englund et al., 2009; 

Roos et al., 1995), knee malalignment (Sharma et al., 2013), and muscle weakness 

(Herzog and Longino, 2007; Hurley, 1999). Biological risk factors include aging 

(Felson et al., 1987), obesity (Coggon et al., 2001; Felson et al., 1988), gender (Felson 

et al., 1988), and inflammation (Berenbaum, 2013). However, it is difficult to separate 

the effect of the different risk factors, and debate exists regarding the identification of 
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the primary causes of OA. For example, controversy exists about the role of acute and 

systemic inflammatory response on the pathogenesis of OA.  

Acute inflammatory response after traumatic injury (Ayral et al., 2005; Edd et al., 

2015), has been suggested as a primary cause of OA (Erhart-Hledik et al., 2012b), due 

to its potential role in cartilage degradation and homeostasis disruption (Ayral et al., 

2005; Echtermeyer et al., 2009; Erhart-Hledik et al., 2012b). It has been shown that in 

people affected by OA physical exercise may result in a transient increase of 

inflammatory agents (Erhart-Hledik et al., 2012b), which has been correlated with 

future cartilage loss and long-term progression of OA (Erhart-Hledik et al., 2012b). 

However, OA population also have altered knee mechanics (Felson, 2013) and muscle 

weakness (Hurley, 1999), which may cause the tissue inflammation. Consequently, it is 

unclear what effect is attributed to mechanobiological response and what effect is 

attributed to inflammation, or how they interact. Recently, animal models were used to 

study in isolation the effect of acute inflammatory reaction and muscle degeneration on 

cartilage degeneration (Egloff et al., 2014). For the tested inflammation level, results 

showed no significant effect of acute inflammatory response above the mechanically 

induced degeneration, which was the primary responsible for the breakdown of the 

cartilage (Egloff et al., 2014). Nonetheless, this does not exclude that at higher 

concentrations of inflammatory agents could initiate cartilage breakdown independently 

of mechanics. Also, it does not provide any information regarding the effect of 

inflammation on pain and dysfunction. 

Obesity has also been subject of controversy, since it increases the magnitude of joint 

articular loading in the lower limb, but it is also a condition characterised by a low-level 

systemic inflammation (Issa and Griffin, 2012). Both mechanical and systemic 

inflammatory effects have been related to OA (Felson, 2013; Gomez et al., 2011). 
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However, rates of OA in non-weight bearing joints, such as hand or wrist, have been 

shown to be greater among obese individuals (Cicuttini et al., 1996). While this has 

been proposed as support for the role of systemic inflammation effect to be a dominant 

cause of OA (Yusuf, 2012), the premises regarding low articular loads in hand and wrist 

joints may be erroneous. Indeed, stresses in the hand during common gripping and 

carrying tasks have been shown to be comparable to those at the hip during gait (Butz et 

al., 2012). This again questions the role of low-level systemic inflammation as primary 

cause of OA in obese population. However, there is no obvious way to separate the 

mechanobiological response from the inflammatory response in-vivo in humans. 

Moreover, no study on animal models has been performed to evaluate the systemic 

inflammatory effects of obesity.  

2.3. Altered musculoskeletal tissue loads in osteoarthritis 

It has been established and accepted that mechanical loading plays an essential role in 

the normal tissue remodelling process, i.e. homeostasis (Taber, 1995). Physiological 

load is necessary to maintain the functional integrity of the articular cartilage, balancing 

the processes that degrade and create articular tissue (Herzog et al., 2003). Walking is 

the predominant human physical activity, and healthy knee cartilage adapts to the 

repetitive loading in gait (Andriacchi and Mundermann, 2006). Load bearing areas have 

been shown to positively respond to magnitude and frequency of external loads 

(Andriacchi et al., 2004) with increased cartilage thickness (Koo and Andriacchi, 2007). 

Conversely, inappropriate loading may disrupt homeostasis. Changes in the knee 

mechanics due to injury, increased laxity, neuromuscular alterations, aging, and obesity, 

may result in a shift of the load-bearing region of the cartilage, with consequential 

inappropriate loading of other cartilage regions not conditioned to the repetitive cyclical 

load (Andriacchi et al., 2009). This has been suggested to influence the initial 
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breakdown of the cartilage, which starts to degrade and to negatively respond to load, 

increasing the progression of the disease (Fujisawa et al., 1999). However, what is 

considered inappropriate loading may be different among individuals, since articular 

tissue adaptation depend on an individual’s lifestyle and activity, history of loading, 

amount of loading, and variations in their knee kinematics and kinetics during gait 

(Andriacchi et al., 2009). 

The effect of inappropriate loading on articular tissue has been shown by numerous 

studies in joints that have undergone different loading conditions. Examples of over-

loading conditions are static compression (Guilak et al., 1994; Sah et al., 1989; Salter 

and Field, 1960), repetitive impact load (Chen et al., 2001), repetitive submaximal 

loading, and acute hyper-physiological loads (Christiansen et al., 2012; Christiansen et 

al., 2015; Haut et al., 1995). Alternatively, under-loading conditions have also resulted 

in articular cartilage degeneration, and examples can be found in immobilisation 

(Palmoski et al., 1979), unloading and reduced of range of motion (Vanwanseele et al., 

2003; Vanwanseele et al., 2002), experimentally-induced low muscle forces (Youssef et 

al., 2009) and diminished physical activity due to spinal cord injury (Brandt et al., 

1991a; Vanwanseele et al., 2003; Vanwanseele et al., 2002). Both over-loading and 

under-loading have been linked to the disruption of articular tissue homeostasis, 

suggesting that deviations from normal physiological mechanical load may be 

considered inappropriate. However, what to consider inappropriate loading and how it 

relates to the onset and progression of knee OA is still not completely clear. The 

confusion of what is inappropriate loading may be due to the inability to assess knee 

joint articular contact loading. 

The medial tibiofemoral contact forces (MTFF), a cyclic load experienced during 

repetitive tasks such as walking, is thought to be a main mechanical cause for 
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development and progression of knee OA (Andriacchi and Dyrby, 2005; Andriacchi and 

Mundermann, 2006). The contact forces between tibia and femur are function of both 

external loads and muscle forces (Walter et al., 2010; Winby et al., 2009). However, in-

vivo measurement of muscle forces and MTFF is particularly difficult and cannot be 

routinely assessed in a clinical environment or during daily activities. Consequently, 

internal knee loads are often inferred from external biomechanical quantities that can be 

measured, such as KAM and knee extension moment (KEM). 

The KAM is one of three external moments (Schutte, 1993; Walter et al., 2010) the 

knee experiences during walking. The KAM has been used as indicator for the MTFF 

due to its potential role in concentrating compression between the medial femoral 

condyle and the tibial plateau (Schipplein and Andriacchi, 1991). Large KAMs have 

been associated with fast progression of medial knee OA (Miyazaki et al., 2002; Sharma 

et al., 1998), development of chronic knee pain (Amin et al., 2004), and are a good 

predictor of outcomes after high tibial osteotomy surgery (Prodromos et al., 1985; 

Wang et al., 1990), and fast cartilage loss in knee OA (Bennell et al., 2011) and 

arthroscopic partial meniscectomy patients (Hall et al., 2015). Furthermore, the KAM is 

also larger in those suffering knee OA compared to healthy controls (Astephen and 

Deluzio, 2005; Baliunas et al., 2002; Hurwitz et al., 2002; Kaufman et al., 2001). The 

predominant view is that KAM has a strong linear correlation with MTFF, and that 

increased KAM corresponds to increased MTFF, while decreased KAM corresponds to 

decreased MTFF (Barrios et al., 2010; Erhart-Hledik et al., 2012a; Fantini Pagani et al., 

2010; Fregly et al., 2007; Hunt et al., 2008; Schipplein and Andriacchi, 1991; Shakoor 

and Block, 2006). However, it must be considered that KAM is not the only load acting 

on the knee (Walter et al., 2010), and inferring the knee articular loading from KAM 

alone can be misleading. 
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For example, the KEM is also one of the external loads experienced by the knee. The 

KEM is due to the net flexion-extension action of the muscles crossing the knee during 

walking (Kim et al., 2009), and muscle forces are large contributors to the knee articular 

loading (Walter et al., 2015; Winby et al., 2009). Therefore, variations of KEM may be 

also associated with variations of MTFF. Some studies have shown that people with 

knee OA have reduced KEM in gait (Astephen and Deluzio, 2005; Kaufman et al., 

2001) and during stair ascent and descent (Kaufman et al., 2001), which has been 

suggested to be a protective mechanism, inhibiting quadriceps function in order to 

decrease the stress of the articular cartilage (Kaufman et al., 2001). While KEM alone 

has been shown to poorly correlate with the MTFF (Meyer et al., 2013), the KEM can 

provide a more informed evaluation of the MTFF when combined with the KAM 

(Manal et al., 2015). However, reduction of KEM can also be due to co-contraction of 

the muscles surrounding the knee, and high levels of co-contraction are observed in 

people with knee OA (Astephen and Deluzio, 2005; Astephen et al., 2008; Heiden et al., 

2009a, b; Hubley-Kozey et al., 2006; Zeni and Higginson, 2009; Zeni et al., 2010) and 

knee pathologies (Sturnieks et al., 2011a; Tsai et al., 2012). Co-contraction may be 

indicative of increased joint loading (Brandon et al., 2014; Schipplein and Andriacchi, 

1991; Winby et al., 2013; Winby et al., 2009), and importantly, increased duration of 

co-contraction is associated with faster loss of medial knee joint cartilage (Hodges et al., 

2016). 

Impaired muscle action has been implicated in the pathogenesis of knee OA (Baker et 

al., 2001; Herzog and Longino, 2007; Hurley, 1999; Thorlund et al., 2016; Youssef et 

al., 2009). Indeed, as previously stated, muscle forces have a large contribution to 

loading of the knee’s articular surfaces (Walter et al., 2015; Winby et al., 2009). It is 

well established that knee extension weakness is present in both men and women with 

structural and symptomatic knee OA, (Baker et al., 2001; Conroy et al., 2012; Heiden et 
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al., 2009a; Oiestad et al., 2010; Ruhdorfer et al., 2014) and those following ACL 

reconstruction or partial meniscectomy (Hall et al., 2013; Lohmander et al., 2004; Roos 

et al., 1995; Sturnieks et al., 2011a). Low muscle forces and knee extension weakness 

can be due to inhibited muscle activation (Hurley, 1999; Pietrosimone and Saliba, 

2012), co-contraction (Aagaard et al., 2000), muscle atrophy (Heiden et al., 2009b; 

Mizner et al., 2005) and/or muscle quality (Conroy et al., 2012; Kumar et al., 2014; 

Ruhdorfer et al., 2014; Serrao et al., 2015). Impaired muscle activation and muscle 

atrophy in animals’ (Anderson et al., 2016; Egloff et al., 2014; Youssef et al., 2009), 

and, in the extreme, in humans (Vanwanseele et al., 2003; Vanwanseele et al., 2002) 

gives rise to loss of cartilage and/or bony changes indicative of OA. In humans, knee 

extension weakness is related to onset of symptomatic (patient reported pain and 

function) knee OA (Segal et al., 2012; Segal and Glass, 2011; Segal et al., 2009). 

However, the evidence is more equivocal for knee structural changes in OA where some 

have shown knee extension weakness is related to onset (Amin et al., 2009; Baker et al., 

2001; Thorlund et al., 2016), while others show no effect (Hall et al., 2015; Oiestad et 

al., 2010; Segal et al., 2012; Segal and Glass, 2011; Segal et al., 2009). Some studies 

have shown increased muscle mass to be protective of knee cartilage loss (Berry et al., 

2010; Cicuttini et al., 2005; Ding et al., 2008; Wang et al., 2007; Wang et al., 2012), 

while others have shown no relationship with the progression of knee OA structural 

changes (Segal et al., 2012; Visser et al., 2014). Interestingly, resistance training, 

resulting in an increase in strength, has been shown to reduce the symptoms of knee OA 

(McQuade and de Oliveira, 2011; Pietrosimone and Saliba, 2012). 

Much of the confusion in associating impaired muscle action with the onset and 

progression of knee OA may be related to the aforementioned muscle measures not 

being indicative of muscle function in movement during daily and other functional 

activities (Gur and Cakin, 2003; Pietrosimone and Saliba, 2012; Segal et al., 2012; 
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Thorstensson et al., 2004). One must consider all neuromuscular and biomechanical 

factors that are involved. For instance, patients with mid-to-late stage OA have greater 

activation of their lateral versus medial knee muscles in gait (Astephen et al., 2008; 

Brandon et al., 2014; Heiden et al., 2009b; Hubley-Kozey et al., 2006). Furthermore, in 

people with medial knee OA, rapid medial knee cartilage loss is associated with rapid 

atrophy (Wang et al., 2012) and greater-than-normal fat infiltration of the vastus 

medialis (Raynauld et al., 2015). Importantly, the medial knee muscles, of which the 

vastus medialis is a main muscle, are major contributors to the load in the knee medial 

compartment (Winby et al., 2009). Thus it can be speculated that a vastus medialis with 

reduced cross sectional area, poor quality, and smaller activation means may generate 

small forces and therefore low knee articular loading. However, this has never been 

examined. Therefore, there appears to be a complex relationship between muscle action, 

knee articular loading, and risk of knee OA onset and progression (Walter et al., 2010; 

Winby et al., 2009). 

Knee articular loading experimentally measured using instrumented knee implants 

(Fregly et al., 2012a) have been analysed in order to gain a better understanding of the 

influence of muscle action and external loads, such as KAM and KEM, to the internal 

knee loading. The KAM has been positively correlated to internal knee load for a single 

subject performing different overground gait (Zhao et al., 2007), which was further 

supported by a similar study that included 9 participants (Kutzner et al., 2013b). 

Correlation coefficient varied from 0.51 to 0.90, depending on the subjects, phases of 

stance, and gait patterns (Kutzner et al., 2013b; Zhao et al., 2007). However, further 

studies with instrumented implants involving a single subject investigated voluntary gait 

modifications showing that a reduced KAM does not always guarantee a decreased the 

MTFF during gait (Walter et al., 2010). Also, a variety of gait modifications designed to 

reduce the KAM resulted only in small MTFF variations (Kinney et al., 2013), and even 
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increased MTFF (Meyer et al., 2013). While considering both KAM and KEM have 

been shown to improve the correlation with the peak MTFF (Manal et al., 2015), the use 

of external loads alone cannot capture the altered muscle activation and co-contraction 

patterns that are evident in knee pathologies (Sturnieks et al., 2011a; Tsai et al., 2012) 

and knee OA (Astephen et al., 2008; Heiden et al., 2009a, b; Hodges et al., 2016; 

Hortobágyi et al., 2005; Hubley-Kozey et al., 2006; Hurley, 1999; Zeni and Higginson, 

2009; Zeni et al., 2010). Meyer et al. (2013) used both external knee joint moments and 

EMG measures from the muscle crossing the knee in a multivariate regression model 

finding poor correlations between external variables and internal load measured from a 

instrumented knee implant. As mentioned the evidence supports a role of impaired 

muscle action and external loading in the progression and development of knee OA. 

Therefore, given that up to 50% of the MTFF during walking is result of muscle force 

(Winby et al., 2009), it is important to account for all the factors contributing to the 

MTFF, considering both muscle forces and external joint moments (Meyer et al., 2013; 

Walter et al., 2010; Walter et al., 2015). 

Recently, mathematical models that are sensitive to individual variations in muscle 

activation patterns and gait mechanics have been used to investigate the knee joint 

articular contact loading (Gerus et al., 2013; Khandha et al., 2015; Kumar et al., 2013; 

Manal and Buchanan, 2013; Saxby et al., 2015; Saxby et al., 2016a; Saxby et al., 2016b; 

Saxby et al., 2016c; Wellsandt et al., 2016; Winby et al., 2013; Winby et al., 2009). 

People that have undergone ACL reconstruction, which is primary risk factor for 

development of knee OA (Barenius et al., 2014; Lohmander et al., 2004), have been 

shown to walk with reduced knee joint articular loading (Khandha et al., 2015; Saxby et 

al., 2015; Saxby et al., 2016b; Wellsandt et al., 2016), which contrasts with the classic 

view of over-loading being the primary mechanical cause of OA (Andriacchi and 

Mundermann, 2006). Furthermore, people that developed knee OA 4 years after ACL 
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reconstruction surgery walked with lower MTFFs in the first 2 years following surgery 

when compared to those that did not develop knee OA (Wellsandt et al., 2016).  

Interestingly, greater MTFF has been shown in OA people without history of ligament 

injury or meniscal tear compared to healthy controls (Kumar et al., 2013). This may 

suggest that inappropriate knee joint articular loading may be either over-loading or 

under-loading, both having the potential to contribute to the onset of OA, which 

confirms the results of in-vitro and animal studies (Christiansen et al., 2012; Herzog and 

Longino, 2007). In general, what is required is the ability to restore the appropriate 

musculoskeletal tissues loads in order to promote positive structural changes. While in-

vitro experiments can inform the required rate of load to restore healthy homeostasis 

(Wang et al., 2015), such a load has to be applied to musculoskeletal tissues inside the 

human body. However, this is not trivial, since it is not possible to measure and 

consequently control, musculoskeletal tissue loads in-vivo during walking and other 

movement tasks. To cope with this limitation, most of the conservative treatment 

strategies, in particular for knee OA, have focused on the correction of gait mechanics 

by mean of kinematics or kinetics modifications (Fregly, 2012). 

2.4. Gait modification 

Gait modification is a non-surgical treatment that has been used to reduce the symptoms 

associated with knee OA (Shull et al., 2013b). Commonly, gait modification strategies 

have been designed to reduce the KAM (Fregly, 2012), which as discussed, is a quantity 

easily measured. Also as previously mentioned, the KAM has been associated to onset 

and progression of knee OA (Miyazaki et al., 2002; Sharma et al., 1998) and it has been 

suggested as a surrogate measure for the MTFF (Birmingham et al., 2007; Zhao et al., 



Chapter 2 

 

27 

 

2007), although a reduction of KAM does not imply a reduction of MTFF (Walter et al., 

2010).` 

To achieve the desired gait modifications, people are either instructed, aided by external 

devices, or use a combination of both (Fregly, 2012). Common gait modifications 

include reduced walking speed (Robbins and Maly, 2009), increased step width (Fregly 

et al., 2008), toes pointing inwards (Shull et al., 2013a) or outwards (Fregly et al., 2008; 

Guo et al., 2007; Hunt and Takacs, 2014; Lynn et al., 2008), knees more medialised 

(Barrios et al., 2010; Fregly et al., 2007; Walter et al., 2010), and increased lateral trunk 

sway (Hunt et al., 2008; Mundermann et al., 2008). Assistive devices include lateral 

shoe wedges (Butler et al., 2007; Kutzner et al., 2011a; Moyer et al., 2013), knee braces 

(Draganich et al., 2006; Fantini Pagani et al., 2012; Kutzner et al., 2011b; Moyer et al., 

2013), variable stiffness shoes (Erhart et al., 2008), and bilateral walking poles (Kinney 

et al., 2013; Walter et al., 2010). 

Table 2-1 - Summary of the changes in KAM following gait modification. Adapted 

from (Fregly, 2012) 

Method Reduction 

Decreased speed 8% (Robbins and Maly, 2009) 

Increased step width 9% (Fregly et al., 2008) 

Decreased step width 46% (Street and Gage, 2013) 

Toes pointed inward first peak only: 13% (Shull et al., 2013a), 45% (van den 

Noort et al., 2013) 

Toes pointed outward second peak only: 10.5% (Hunt and Takacs, 2014),38% 

(Guo et al., 2007), 56% (van den Noort et al., 2013) 

Knee medialised 19% (Barrios et al., 2010), 32% (Walter et al., 2010), 

39% to 50% (Fregly et al., 2007) 

Increased trunk sway 20% (Hunt et al., 2008), 31% (van den Noort et al., 2013) 

High mobility shoes 8% (Shakoor et al., 2008) 

Lateral wedges insoles 9% (Butler et al., 2007) 

Valgus knee brace 6% (Draganich et al., 2006), 10% (Lindenfeld et al., 

1997), 19% (Fantini Pagani et al., 2010), 23% (Kutzner 

et al., 2011b) 

Variable stiffness shoes 6% (Erhart et al., 2008), 8% (Erhart et al., 2010) 

Bilateral walking poles 33% (Walter et al., 2010) 



Chapter 2 

 

28 

 

The effects of gait modifications on KAM reduction are variable, and sometimes 

contrasting (Table 2-1). Moreover, assistive devices that provide greater reductions, 

such as valgus knee braces, have been reported to be discomforting (Kutzner et al., 

2011b), while the use of bilateral walking poles can negatively affect normal daily 

activity. In regard to gait modification without the aid of external devices, toe in or toe 

out walking have been shown to only significantly reduce the first (Shull et al., 2013a) 

or the second (Guo et al., 2007; Hunt and Takacs, 2014) peak of KAM, respectively. 

Also, individuals can be affected differently by the same gait modification. For 

example, a toe out gait retraining on 15 subjects (Hunt and Takacs, 2014) aimed to 

reduce the second peak of KAM resulted in increased or unchanged second peak of 

KAM for 5 of the subjects. Conversely, a reduction of the step width may be effective 

for both peaks (Street and Gage, 2013), but it also results in gait instability, which is 

undesirable (Street and Gage, 2013). Increasing the trunk sway results in the lateral 

displacement of the centre of mass during stance, which has been shown to reduce both 

peaks of KAM (Hunt et al., 2008; van den Noort et al., 2013) even when accounting for 

other kinematics factors (Hunt et al., 2008). Finally, walking with medialised knees, i.e. 

medial thrust gait, has been shown to consistently reduce both peaks of the KAM 

(Fregly et al., 2007) although it could feel uncomfortable because of the requirement to 

maintain a consistent foot progression angle and it can look unnatural, which may deter 

some knee OA patients from adopting this gait pattern. 

However, while a reduction of KAM has been associated with reduced pain and 

improved function in people with knee OA (Shull et al., 2013b), data from instrumented 

knee prosthesis have shown that gait strategies that reduce the KAM do not always 

reduce the MTFF (Kinney et al., 2013; Walter et al., 2010), and that different muscle 

force modification strategies may be used for the same gait modification (Shull et al., 2015). 

Consequently, reducing the KAM does not necessary restore the appropriate load in the 
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knee joint, which is believed to promote positive structural changes and potentially 

modify the progression of knee OA (Fregly, 2012). Furthermore, given that both over-

loading and under-loading conditions have been associated with progression of knee 

OA, it is still unclear whether a reduction of MTFF is to be preferred, or whether 

different individuals require different load magnitudes. What is clear is the necessity for 

a better way to retrain gait, in which the amount of musculoskeletal tissue load can be 

monitored and controlled by some form of biofeedback. 

2.5. Biofeedback 

Biofeedback is intended as the augmentation of an individual’s intrinsic afferent 

feedback with the use of biological information that is not captured by sensory receptors 

(Giggins et al., 2013). Biofeedback is commonly used in rehabilitation (Giggins et al., 

2013; Huang et al., 2006; Molier et al., 2010), after injury or disease, and in 

performance training (Sigrist et al., 2013). The biofeedback information is used to 

associate the action performed by the individual with a desired target action or changes 

to movement. The difference between performed and desired actions becomes part of a 

sensory feedback loop, resulting in an improvement of the action control (Huang et al., 

2006). When the augmented feedback is provided during the execution of the action in a 

continuous fashion it is referred as concurrent or real-time feedback. Alternatively, 

when the feedback is provided at the end of the action it is referred as terminal feedback 

(Sigrist et al., 2013). Given the topic of this thesis, only the real-time feedback will be 

discussed. 

2.5.1. Biofeedback modalities 

Biofeedback information can be delivered via visual, auditory, and haptic devices. 

Visual feedback is the most common form of feedback due to the predominant use of 
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vision in daily life during the interaction with the environment (Sigrist et al., 2013). The 

biofeedback variable has been represented in the abstract form of lines, bars, curves, and 

gauges (Eriksson et al., 2011; van den Noort et al., 2015; Wrigley et al., 2009). This 

type of visualisation unambiguously characterises the principal aspect of a movement, 

and it has been shown to be effective in both simple and complex tasks (Sigrist et al., 

2013). Moreover, while the visual representation of the biofeedback should be designed 

to be clear and not open to misinterpretations, the efficacy of the biofeedback has been 

shown to be similar across the different forms of visualisation employed (van den Noort 

et al., 2015). The visual representation limits the use of biofeedback to confined spaces, 

such as research laboratories and clinics, since it requires the continuous use of a screen. 

However, emerging technologies, such as “smart glasses”, may permit the use of visual 

feedback in everyday environments and during daily living activities. Nonetheless, it 

has to be considered that visual feedback may interfere with the execution of visual 

intensive tasks, which may result in cognitive overload and a subsequent decrease in 

performance (Sigrist et al., 2013). 

Auditory feedback may reduce cognitive overload and reduce distraction (Eldridge, 

2006; Secoli et al., 2011). It also has the advantage of being portable and usable outside 

a laboratory. Auditory feedback can be delivered by an alarm sound, which is activated 

when the error between performed and desired action exceeds a pre-determined 

threshold (Sigrist et al., 2013). Instrumented knee braces with alarm sound feedback 

have been used to reduce the rate of loading during heel strike (Riskowski, 2010; 

Riskowski et al., 2009), while instrumented shoe insoles have been used to restore full 

weight bearing after total hip or knee replacement (Isakov, 2007). The interpretation of 

this type of auditory feedback is immediate; however, it does not provide information 

on the amount of correction that is required to achieve the desired action. Alternatively, 

auditory feedback can be provided via sonification (Sigrist et al., 2013), in which the 
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feedback variable, or the error of the feedback variable, is mapped into an audio signal. 

This type of auditory feedback has been shown to be effective in tasks that require time-

dependent coordination (Han and Shea, 2008), in improving gait of people affected by 

Parkinson’s disease (Anzak et al., 2011; del Olmo and Cudeiro, 2005), and in stroke 

rehabilitation (Thaut et al., 2002). Furthermore, the high number of sound dimensions, 

such as frequency, magnitude, timbre, and rhythm, permits the mapping of multiple 

biomechanical quantities into a single multimodal auditory feedback (Hermann and 

Hunt, 2005). However, a systematic comparison of alarm sounds and sonification 

auditory feedback is unavailable in literature, and it is unclear what type of auditory 

feedback is the most effective for motor learning and rehabilitation (Sigrist et al., 2013). 

Haptic feedback includes both tactile and proprioceptive feedback (O’Malley and 

Gupta, 2008). Haptic feedback can be delivered in form of position control, force 

control, or vibrotactile sensation. Position control commonly involves the use of robotic 

assistance to set the poses that the human has to follow (O’Malley and Gupta, 2008). 

The path is often predefined, and the human is not allowed to make adjustment to the 

trajectories, commit errors, and correct the pose. However, this has been shown to be a 

disadvantageous approach for motor learning compared to other feedback strategies 

(Liu et al., 2006). Alternatively, the force control haptic feedback applies a force to the 

human rather than a position. For example, a corrective force is applied when deviating 

from the reference trajectory (Marchal-Crespo and Reinkensmeyer, 2009). Force control 

haptic feedback has been shown to facilitate motor learning and produce a better 

outcome compared with position control (Marchal-Crespo and Reinkensmeyer, 2009). 

Although force control haptic feedback has been employed in robot-assisted 

rehabilitation (Jezernik et al., 2003), tasks of increased complexity require sophisticated 

robots to concurrently control the movement of multiple degrees of freedom (Sigrist et 
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al., 2013). Moreover, these systems’ lack of adaptation to the patient’s requirements and 

resulted in poorer outcomes than traditional rehabilitation therapies (Sigrist et al., 2013).  

Haptic feedback based on tactile sensation potentially reduces the workload of visual 

and auditory system. Vibrotactile feedback has been used for motor learning in sport 

and rehabilitation (Shull and Damian, 2015; Sigrist et al., 2013) with positive outcomes. 

Vibrotactile feedback can be intuitively associated with movement, and used, for example, 

to simply move away from the location of vibrotactile stimulation (Shull and Damian, 

2015). While many biofeedback applications only use a single vibrotactor, multiple haptic 

devices can be placed across locations on the body potentially making it easier to train 

multiple simultaneous gait parameters, which is quite difficult if using only audio or visual 

feedback (Lurie et al., 2011; Shull and Damian, 2015). However, the implementation of 

a complex vibrotactile biofeedback system involving multiple devices can be 

challenging (Lurie et al., 2011), including the identification of the best positioning of 

the vibration devices onto the body in order to be perceived and not hinder the 

movement (Lurie et al., 2011; Rosenthal et al., 2011). The design must also include the 

identification of an appropriate modulation of the vibration (Stepp and Matsuoka, 

2011), which can be different across individuals (Spelmezan et al., 2009).  

In summary,  the biofeedback modality should be chosen depending on the application. 

Auditory and vibrotactile feedback are portable and can be used outside the laboratory; 

however, it is unclear how to best design multimodal auditory feedback, while 

vibrotactile feedback requires extensive design to ensure effectiveness (Lurie et al., 

2011). Conversely, visual feedback has been shown to be effective in most situations 

independent from its display modality (van den Noort et al., 2015). However, it requires 

the use of a screen, thus confining its use to laboratory or clinical environments.  
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2.5.2. Biofeedback for gait modification 

A large body of research has been focused on the use of biofeedback technologies to 

restore movement in people after injury or disease (Giggins et al., 2013). Specifically, 

numerous studies combined biofeedback systems and gait modifications in order to 

improve outcome and reduce variability. Real-time visual biofeedback of upper-body 

posture (Hunt et al., 2011) and dynamic knee alignment (Barrios et al., 2010) have been 

successfully used to reduce the KAM in gait. Instrumented knee braces with auditory 

feedback have instead been used to reduce the rate of loading during heel strike 

(Riskowski, 2010; Riskowski et al., 2009), while instrumented shoes have been used to 

reduce the lateral foot pressure during stance using vibrotactile feedback (Dowling et 

al., 2010). Notably, Shull et al. (2013b) provided vibrotactile feedback of KAM during 

walking on a treadmill and have been able obtain KAM reductions of up to 20% in a 

knee OA population. However, as previously discussed, using or focussing on the KAM 

does not encompass other external knee loads nor capture the action of the muscles.  

EMG based biofeedback is commonly used for the retraining of muscle function in 

those with musculoskeletal injuries (Lepley et al., 2012; Woodford and Price, 2007). 

These have the goal of normalising muscle activation patterns in order to reduce 

symptoms and restore function (Lepley et al., 2012; Woodford and Price, 2007). 

However, the joint contact forces at the knee are poorly correlated with EMG measures 

(Meyer et al., 2013; Winby et al., 2009), possibly making EMG biofeedback unsuitable 

for use with a knee OA population. Furthermore EMG biofeedback has proven to be not 

all that effective (Lepley et al., 2012; Woodford and Price, 2007), which may be a result 

of the EMG signals not being a direct measure of muscle forces, and, therefore, cannot 

provide the necessary information required to understand how the individual muscles 

are contributing to the joint moments and movement, and loading of other 
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musculoskeletal tissues (Meyer et al., 2013; Winby et al., 2013). Consequently, there is 

the potential for MTFF based biofeedback systems to be more effective in training and 

rehabilitation applications than existing EMG biofeedback techniques. But, what type of 

computational methods can account for complex interaction of external loads and 

muscle forces in order to correctly estimate the MTFF? And how can they be applied in 

real-time to be used in a biofeedback system?  

2.6. Estimating musculoskeletal tissue loads using neuromusculoskeletal 

models 

Neuromusculoskeletal (NMS) models are a mathematical representation of the 

neurological, physiological, and anatomical characteristics of an individual. NMS 

models are sensitive to subject and task variations, and account for the complex 

interaction of external loads and muscle forces in order to correctly estimate articular 

joint loading (Gerus et al., 2013; Manal and Buchanan, 2013). Consequently, NMS are 

the alternative to surrogate measures of articular joint loading. A NMS model can be 

described as the relationship between two distinct functional units: the musculoskeletal 

model and the neural control solution. 

2.6.1. Musculoskeletal model 

A musculoskeletal model defines the geometry of bones and muscles and their 

interaction. Musculoskeletal models are commonly implemented as rigid-multibody 

mechanisms and solved following the standard approaches applied in mechanical 

engineering for rigid-multibody systems dynamics (Cleather and Bull, 2012a). The 

bones are represented as rigid segments, whose relative movements are defined by 

joints with restricted degrees of freedom (DOF) and range of motion. The 

musculotendon unit (MTU) are commonly discretised and idealised as lines passing 
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through the centroid of the muscle from the centres of the areas of origin to the centres 

of the insertion regions (Cleather and Bull, 2012b). Via-points and wrapping surfaces 

around bones and other muscles are also used to improve both the representation of the 

muscular geometry and the line of actions of MTUs throughout the range of motion 

(Garner and Pandy, 2000). Importantly, the MTU kinematics are a function of the joint 

angles (Sherman et al., 2014), therefore, for each pose of the model, the MTU lengths 

and moment arms about each DOF are known.  

However, musculoskeletal models are a simplified representation of the human 

anatomy, where the joint and muscle function is often simplified over anatomical 

fidelity (Cleather and Bull, 2012b). This is necessary to allow the investigation of large 

multibody systems in which it is difficult to model some of the musculoskeletal tissue 

interactions. For example, it is challenging to correctly model the ligaments in the knee 

joint, which are often ignored even if they may play a fundamental stabilising role (Bull 

et al., 1999; Lloyd and Buchanan, 1996). Thus, the knee joint is commonly modelled as 

a planar mechanism in which the relative orientation of tibia and femur is defined as a 

pathway function of the knee angle in the sagittal plane (Yamaguchi and Zajac, 1989) 

and the movement in the other planes is not allowed. Similarly, the hip is commonly 

modelled as a perfect spherical joint, without considering the effect of articular 

geometry. Some simplifications are also introduced by the use of musculoskeletal 

models based on generic templates, which are based on cadavers, and scaled to the 

individual by linearly adjusting the bone dimensions (Delp et al., 1990). The main 

problem is the inability of linearly scaled-generic models to capture the variations in 

bone and joint geometry that are present across individuals. Consequently, MTU lengths 

and moment arms, which are directly affected by the skeletal and joint geometry 

(Sherman et al., 2014), may not be represented correctly when adopting linearly scaled-

generic models (Arnold et al., 2000). Alternatively, subject-specific musculoskeletal 
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models that are created using medical imaging have shown to produce better predictions 

of measured knee articular loading than scaled-generic models (Gerus et al., 2013). 

However, subject-specific models require the acquisition of computerised tomography 

or magnetic resonance imaging data, in which the different anatomical structures have 

to be manually identified to create three-dimensional representation of bones and 

muscles (Martelli et al., 2011). While the creation subject-specific models can be 

assisted by technological improvements (Zhang et al., 2014), it is currently a lengthy 

and costly procedure. Therefore, scaled-generic musculoskeletal models are commonly 

preferred as an alternative. 

Musculoskeletal models are redundant systems where the number of actuators (i.e. 

MTUs) is larger than the number of DOFs. This results in the load sharing problem, in 

which infinite combinations of muscle forces can solve the same dynamics of 

movement (Collins, 1995). Moreover, muscles are complex non-linear actuators, whose 

force production is related to kinematic and neurological factors. The implementation of 

a muscle model can vary in complexity, from simple second-order differential 

equations, where the muscle is considered analogue to a mass-damper-spring 

mechanical system (Winters and Stark, 1987), to exhaustive representations of the 

biophysical contractile mechanics (Eisenberg et al., 1980; Huxley, 1957; Zahalak and 

Ma, 1990). While the choice of muscle model should be considered in regard to its 

application, Winters and Stark (1987) have shown that the classic structural model of 

Hill (Epstein and Herzog, 1998; Schutte, 1993; Zajac, 1989) is sufficiently accurate to 

describe any fundamental type of human movement.  

Hill-type muscle models are lumped parameter rheological models (Epstein and Herzog, 

1998; Schutte, 1993; Zajac, 1989) consisting of a contractile element in parallel with a 

passive element, the muscle fibres, which are in series with a passive element, the 
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tendon. The Hill-type model defines normalised fibre force-length and force-velocity 

curves, tendon stress-strain curves, and a set of musculotendon parameters that scale the 

models to different MTUs, i.e. optimal fibre length, tendon slack length, pennation 

angle, and maximum isometric force. Given the muscle activation, and the total length 

and velocity of the MTU, the Hill-type muscle model can be used to calculate the 

resulting muscle force. 

Different neural control solutions can be used to estimate muscle activations, and in the 

following sections the main neural control solutions that have been proposed in 

literature will be discussed and compared. These are optimisation-based solutions and 

EMG-informed solutions, which can be further divided in EMG-driven and EMG-

assisted solutions. 

2.6.2. Optimisation-based neural control solutions 

Static optimisation is a class of optimisation-based neural control solutions that act on 

single time frames. For each time frame, an optimisation algorithm is used to track the 

instantaneous joint moments and/or joint kinematics to solve the load sharing problem 

(Brand et al., 1986; Crowninshield and Brand, 1981; Crowninshield et al., 1978; Seireg 

and Arvikar, 1975). The optimisation criterion is commonly defined on purported 

physiological principles, such as minimal muscle stress (Brand et al., 1986; 

Crowninshield and Brand, 1981; Crowninshield et al., 1978), muscle force (Collins, 

1995; Seireg and Arvikar, 1975), power output (Patriarco et al., 1981), or muscle 

activations (Forster et al., 2004). Static optimisation is advantageous since it only 

requires experimental kinematic and kinetic data, and is easily available to the research 

community (Delp et al., 2007). However, it is difficult to establish what optimisation 

criterion is best to use (Challis and Kerwin, 1993), and muscle forces and muscle 
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activations solutions differ across optimisation criteria (Challis and Kerwin, 1993; 

Collins, 1995). 

Dynamic optimisation is an alternative optimisation procedure where the entire task, 

rather than single time frames, is optimised (Anderson and Pandy, 1999, 2001a; Davy 

and Audu, 1987). Dynamic optimisation can define goal oriented optimisation criteria 

where the muscle activation pattern are solved in order to optimally perform a given 

task, as jumping (Anderson and Pandy, 1999), walking (Anderson and Pandy, 2001a), 

and pedalling (Raasch et al., 1997). However, dynamics optimisation is computationally 

expensive and dynamic and static optimisations have shown to produce close-to 

identical results during gait (Anderson and Pandy, 2001b). Thelen et al. (2003) 

proposed an alternative solution based on a feedback controller and static optimisation, 

which tracks both experimental kinematics and kinetics. Although faster than dynamic 

optimisation, the same limitations regarding the choice of optimisation criterion apply. 

Static and dynamic optimisation cannot account for variations in muscle activation 

patterns between and within individuals (Buchanan and Shreeve, 1996). Optimisation 

cannot reflect the variations in the muscle activation patterns used in different control 

tasks even when the joint biomechanics are identical (Buchanan and Lloyd, 1995; Tax 

et al., 1990), by different people (Lloyd and Buchanan, 2001), and by different 

population stratifications (Lloyd and Besier, 2003). Furthermore, optimisation cannot 

predict variations in co-contraction patterns, which are evident in experimental EMG 

(Colby et al., 2000; Heiden et al., 2009b; Lloyd and Buchanan, 2001; Schmitt and 

Rudolph, 2007). Therefore, their use as a method to estimate muscle forces is still 

debated. 
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2.6.3. EMG-driven neural control solutions 

EMG-informed methods encapsulate all algorithms that use EMG as inputs, while 

EMG-driven models specifically use EMG to directly derive muscle excitation patterns. 

Muscle excitations are then used to estimate muscle activations by means of the muscle 

activation dynamics (Zajac, 1989). Linear activation dynamics were implemented in 

early EMG based models, in which the weighted sum of muscle excitations was directly 

used to estimate ankle joint moments (Hof and van den Berg, 1977), or as input for a 

simplified muscle model employing linearised force-length and force-velocity 

relationships (Olney and Winter, 1985). White and Winter (1992) estimated hip, knee, 

and ankle joint moments during gait using a complete Hill type muscle model, but 

attributed errors in the prediction of joint moments to the use of a linear activation 

dynamics, which may not have been adequate for dynamic movements. A function 

accounting for the exponential increase of motor unit firing rate (Fuglevand et al., 1999) 

was used in later studies (Lloyd and Besier, 2003; Manal and Buchanan, 2003; Potvin et 

al., 1996), resulting in better predictions of forces during non-isometric tasks. A second-

order dynamic filter (Thelen et al., 1994) and an electromechanical delay were also 

introduced to account for the delay between the onset of EMG and the onset of muscle 

forces, and for the shorter duration of muscle excitation compared to the resulting force 

(Guimaraes et al., 1995; Herzog, 1998). 

EMG-driven models are open-loop systems and require a set of MTU parameters (e.g. 

tendon slack length, optimal fibre length, activation dynamics parameters) to be 

calibrated in order to improve MTU force estimates. Parameter calibration is commonly 

performed through an optimisation algorithm that minimises the difference between 

experimental and predicted data (Lloyd and Besier, 2003). The calibrated EMG-driven 

models are then assessed by comparing predicted and experimental data that were not 
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included in the calibration procedure (Gerus et al., 2013; Lloyd and Besier, 2003). Joint 

moments (Buchanan et al., 2004; Lloyd and Besier, 2003; Manal et al., 2002; Sartori et 

al., 2014; Sartori et al., 2012a; Shao et al., 2011; Winby et al., 2009) have been 

routinely used in the calibration objective function. Joint angles (Barrett et al., 2007) 

have also been used, but their estimation requires the forward integration of the dynamic 

equations of motion, which can be challenging when modelling the contact between the 

foot and the ground during the stance phase of gait (Barrett et al., 2007).  

Some studies have investigated modifications to the calibration objective function in 

order to improve the physiological correctness of EMG-driven models (Gerus et al., 

2013; Manal and Buchanan, 2013; Sartori et al., 2012a). The simultaneous calibration 

of multiple DOFs resulted in estimation of rectus femoris force more aligned with its 

function during running while sill predicting joint moments with accuracy comparable 

to single DOF EMG-driven models (Sartori et al., 2012a). Minimisation of peak knee 

articular loading during the stance phase of gait (Gerus et al., 2013) has been shown to 

improve knee articular loading estimates, resulting in values that closely matched those 

from instrumented knee implants. Conversely, constraining the muscle fibres operation 

ranges without the minimisation of the peak knee articular loading have also resulted in 

accurate estimation of knee articular loading compared to measured implant data 

(Manal and Buchanan, 2013). However, current calibration procedures differ for type 

and number of experimental trials, as well as calibrating parameters, with no agreement 

on a best way to optimise NMS model parameters. The differences in the calibration 

results between Gerus et al. (2013) and Manal and Buchanan (2013) may be explained 

by variations in the implementation of the calibrating algorithm and/or muscle model. 

However, these variations cannot be identified unless the software that has been used to 

produce the results is publicly available for use and inspection. Consequently, it is 
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difficult to establish whether different results across studies are due to modified 

calibration procedure or different software implementations. 

EMG-driven models explicitly account for the variation in muscle activation patterns 

that can be observed across individuals and tasks. In this regard, EMG-driven models 

overcome the limitation of optimisation methods and they have been able to well 

estimate joint moments over a variety of dynamic tasks (Lloyd and Besier, 2003) and 

knee loads during gait (Gerus et al., 2013; Manal and Buchanan, 2013). However, 

EMG-driven models are not without limitations, such as the number of EMG that can be 

collected and errors associated to EMG measurement, such as cross-talk, which may 

result in dynamic inconsistency between estimated and experimental joint moments. 

Muscle synergies have also been used to drive NMS models in place of EMGs (Allen 

and Neptune, 2012; McGowan et al., 2010; Neptune et al., 2009; Sartori et al., 2013; 

Walter et al., 2014). All use non-negative matrix factorisation of EMGs to create 

synergies (Allen and Neptune, 2012; McGowan et al., 2010; Neptune et al., 2009; 

Sartori et al., 2013; Walter et al., 2014), from which Sartori et al. (2013) also creates 

Gaussian synergies. These synergies, i.e. synergy modules with associated weightings, 

are then used to reconstruct muscle excitations for the NMS models to estimate joint 

movement (Allen and Neptune, 2012; McGowan et al., 2010; Neptune et al., 2009) or 

joint moments (Sartori et al., 2013; Walter et al., 2014). All synergy-driven NMS 

models are closed-loop to reduce the errors between predicted and experimental 

biomechanical measures: Neptune and colleagues (Allen and Neptune, 2012; McGowan 

et al., 2010; Neptune et al., 2009) adjusted synergy modules to track joint movement 

and ground reaction forces, while similar to EMG-driven NMS models Sartori et al. 

(2013) and Walter et al. (2014) calibrated MTU parameters. Furthermore, the NMS 

models of Sartori et al. (2013) and Walter et al. (2014) were synergy-driven in open-
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loop and yielded predictions of joint moments that were comparable to calibrated EMG-

driven models (Sartori et al., 2013) and accurate predictions of medial and lateral knee 

articular forces during walking (Walter et al., 2014). The main advantage of synergies is 

the possibility to coordinate large groups of MTUs with a reduced set of synergy 

modules, which can reduce the number of EMG sensors required during data acquisition 

(Sartori et al., 2013). However, muscle synergies are initially extracted from 

experimental EMGs, which does not exclude the EMG measurement problems 

previously mentioned. In addition, the choice of the factorisation methods, over 20 at 

last count (Pai et al., 2014), and the number and selection of EMGs used to create the 

synergies alters the final set of synergy modules and weightings (Steele et al., 2013) are 

still issues that have to be resolved. 

2.6.4. EMG-assisted neural control solutions 

To improve the dynamic consistency between predicted and experimental joint 

moments, Cholewicki and Mcgill (1994) proposed an EMG-assisted neural control 

solution. This was a hybrid approach between EMG-driven models and static 

optimisation in which the weightings of each muscle force estimated from EMGs at 

each time point were minimally adjusted in order to equilibrate external joint moments. 

This approach was used to investigate the compression of the lumbar spine and the 

associated muscle forces and co-contractions. Subsequently, results of EMG-driven, 

static optimisation, and the EMG-assisted method were compared (Cholewicki et al., 

1995). The EMG-assisted method was able to balance the external joint moments while 

maintaining MTU forces close to the values estimated by the EMG-driven model. 

Conversely, static optimisation was unable to predict co-contractions evident in the 

experimental EMG (Cholewicki et al., 1995). Nonetheless, Cholewicki and Mcgill’s 

EMG-assisted approach was still limited by the inability to predict forces from deeply 
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located muscles. Recently, Sartori et al. (2014) proposed an alternative solution in 

which muscle excitations, rather than muscle forces, were minimally adjusted to better 

track  experimental joint moments. Also, static optimisation was used to predict muscle 

excitations from which EMG recordings were unavailable, such as deeply located 

muscle. While the results were promising, the method proposed by Sartori et al. (2014) 

required both the calibration of NMS model parameters and the estimation of two 

weighting factors that define how much muscle excitations and joint moments can 

deviate from their respective experimental data.  

2.6.5. Estimation of knee joint loading using NMS models 

Direct in-vivo measurement of articular load in the native knee during gait is not 

possible, since it requires invasive procedures to implant sensors directly in the joint 

tissue. To overcome this limitation, instrumented knee prostheses have been used for 

total knee arthroplasty, and, during the last 10 years, knee articular loads have been 

measured in humans using these instrumented knee implants (Bergmann et al., 2014; 

D'Lima et al., 2005; Fregly et al., 2012a; Heinlein et al., 2009; Kutzner et al., 2010; 

Zhao et al., 2007). Typically, the magnitude of the total contact forces ranges from 2.5-

3.5 bodyweights (BW) (Bergmann et al., 2014; Fregly et al., 2012a), with the majority 

(55-70%) of the total tibiofemoral contact force sustained by the medial tibiofemoral 

compartment (1.5-2.5 BW). However, considerable variability has been reported in the 

magnitudes and timing of the contact forces, which may be due to differences in 

subjects’ anthropometry and anatomy (Bergmann et al., 2014), gait speed (Robbins and 

Maly, 2009), or footwear (Erhart et al., 2010; Kutzner et al., 2013a). Furthermore, and 

until recently, the individuals’ neuromuscular biomechanics data used by NMS models 

to predict knee contact forces has not been publically available. Subsequently, as part of 

the Grand Challenge competition to estimate in-vivo knee loads (Fregly et al., 2012a), 
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motion capture, ground reaction forces, and EMG data, as well as computed 

tomography and fluoroscopy images of people with instrumented knee implants were 

publicly released to allow validation and improvements of NMS models. 

Marra et al. (2015) created an accurate subject-specific knee geometry and kinematics 

from medical imaging, and used static optimisation to estimate medial and lateral 

contact forces during gait and a right-turn movement. The predicted medial 

compartment contact forces were in good agreement with experimental data, resulting in 

root mean square error (RMSE) less than 0.3 body weights (BW). However, the lateral 

compartment of the knee was unloaded during part of the stance phase of walking, 

which differed from the measured data (Fregly et al., 2012a). Also, time histories of 

predicted muscle activations were not evaluated; consequently, it is unclear whether the 

muscle activation followed a physiological pattern. A previous study (Kim et al., 2009) 

also validated static optimisation using kinematic and kinetic data from people with 

instrumented implant (Zhao et al., 2007), reporting small errors and muscle activation 

patterns consistent with experimental EMG during normal walking, but larger error for 

faster walking speed. Furthermore, they also adjusted the stiffness of the lateral 

collateral ligament to ensure lateral compartment contact forces (Kim et al., 2009). 

However, as stated previously, static optimisation may not be suitable for tasks different 

than gait or in populations with altered motor control and muscle physiology. For 

example, Steele et al. (2012) used static optimisation to predict tibiofemoral force in 

children with cerebral palsy during crouch gait, and underestimated muscle activation 

levels when compared to experimental EMG.  

EMG-driven models have been directly validated using experimentally measured data 

(Fregly et al., 2012a) and have successfully predicted knee articular loading during 

walking (Gerus et al., 2013; Manal and Buchanan, 2013). EMG-driven model have also 



Chapter 2 

 

45 

 

been used to estimate knee contact forces in healthy people (Kumar et al., 2013; Saxby 

et al., 2015; Saxby et al., 2016b; Shao et al., 2011; Winby et al., 2009), individuals 

suffering knee OA (Khandha et al., 2015; Kumar et al., 2013), and in ACL 

reconstructed (Saxby et al., 2015; Saxby et al., 2016b; Tsai et al., 2012; Wellsandt et al., 

2016) and ACL-deficient (Shao et al., 2011) individuals. These studies have also shown 

that EMG-driven models are sufficient to estimate knee articular loading in both medial 

and lateral compartments, and that the use of EMG-assisted models may not be 

necessary. Indeed, the 13 MTU surrounding the knees that are commonly included in 

NMS simulations are: semimembranosus, semitendinosus, biceps femoris long head, 

biceps femoris short head, sartorius, tensor fascia latae, gracilis, vastus lateralis, vastus 

intermedius, vastus medialis, rectus femoris, medial gastrocnemius, and lateral 

gastrocnemius. EMG can be directly measured from 10 of the 13 considered MTUs 

(Hermens et al., 2000; Lloyd and Besier, 2003; Sartori et al., 2012a), and EMG of 

muscles that cannot be measured, such as vastus intermedius, have been inferred from 

EMG of muscles sharing the same innervation (Lloyd and Besier, 2003; Sartori et al., 

2012a). Consequently, the use of EMG-assisted models, which requires the estimation 

of further parameters to correctly function, may not be necessary when investigating the 

knee. However, now that the advantages and disadvantages of different neural control 

solutions are clearer: what is required to translate the use of EMG-driven NMS models 

from offline analysis to real-time computation? 

2.7. Real-time knee joint loading 

In a real-time application, correct operation depends both on the result of the 

computation and on the time the result is available (Stankovic, 1988). A real-time 

application is commonly composed by multiple cooperative data processing and 

computational tasks, which evaluate the state of the system, perform computations, and 
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interface with input/output resources. Importantly, task executions are required within 

certain deadlines that are defined upon the nature of the application. Depending on the 

nature of the application, real-time system can be classified as hard or soft (Shin and 

Ramanathan, 1994). In hard real-time systems, the deadline of a task must be met to 

avoid failure. This is the case of critical applications, such as control systems in medical 

devices or avionics. Alternatively, in soft real-time systems, the usefulness of the 

information degrades with time delay. For example, this is the case of interaction 

between human and graphic interfaces, where an individual has to associate their action 

to a visual response. In this context, delays of approximately 100 ms are perceived as 

instantaneous (Shneiderman, 1984), but the association decreases with greater time 

delays. 

In biofeedback applications, the presence of a delay in the presentation of the visual 

feedback may create a mismatch between the visual and the sensorimotor information, 

causing an individual to dissociate their motion from the visual feedback presented on 

the screen. A recent study (Kannape and Blanke, 2013) has shown how a delay greater 

than 200 ms degrades the effects of a visual biofeedback due to the increase in the 

motion dissociation during gait. Conversely, it has been shown that a shorter delay 

improves the association between motion and visual information (Kannape and Blanke, 

2013). However, due to technical limitations, the minimum time delay tested in the 

experiment was 75 ms (Kannape and Blanke, 2013). While it has been hypothesised that 

lower delays would be beneficial (Kannape and Blanke, 2013), 75 ms resulted in an 

acceptable delay for biofeedback applications. Given that greater delay are associated 

with the degradation of the information (i.e. feedback), a soft real-time system with 

deadline set to 75 ms may be sufficient to monitor and/or provide biofeedback of human 

kinematics, kinetics, and muscle forces application. 
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The use of NMS models and different neural control solutions requires the calculation 

of muscle excitations, joint angles, and joint moments. While this is commonly done in 

an offline analysis, the real-time estimation of such variables requires interfacing with 

an enabling data flow from external devices, and completing the computations within 

the given time deadlines. For NMS models, this means to solve kinematics, kinetics, 

and muscle forces in real-time. 

2.7.1. Real-time kinematics  

Musculoskeletal models are defined as open-chain rigid-multibody systems. The use of 

marker-based stereophotogrammetry to analyse the human movement require the 

determination of pose (orientation and position) of each body segment in space. 

Reflective markers are places on each body segment and their trajectories in space are 

used to reconstruct the segments’ poses. However, soft tissue artefact created by the 

relative movement of bone a skin influence the results. In the direct kinematics method 

(Apkarian et al., 1989; Kadaba et al., 1990), markers on each body segment are assumed 

to rigidly connected to the bones, which are directly used to create a segment/bone 

reference frames. Joint angles are then estimated from the relative rotations between 

segment/bone reference frames. The presence of soft tissue artefacts and joint 

constraints is ignored and may result in bones changing length and/or joint dislocations, 

which are clearly erroneous. Nonetheless, direct kinematics is computationally fast and 

suitable to estimate joint angles in real-time. Direct kinematics has been used in gait 

retraining to measure foot progression angle (Wrigley et al., 2009), lateral trunk lean 

(Wrigley et al., 2009), and dynamic knee alignment (Barrios et al., 2010). More 

recently, the commercial software Visual 3D (C-Motion, Germantown, MD, USA) has 

started providing full body estimation of joint angles using real-time direct kinematics. 
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Inverse kinematics uses a global optimisation to improve the estimation of joint angles 

(Lu and O'Connor, 1999), eliminating bone-length changes and joint dislocations and 

improving the accuracy of the linked segments’ pose estimations (Lu and O'Connor, 

1999). Inverse kinematics requires a predefined geometrical model representing the 

anatomy of an individual, in which virtual markers are rigidly attached to the model’s 

segments. Joint angles are estimated solving a weighted least square problem that 

minimises distance between virtual and experimental markers positions for each time 

frame. Inverse kinematics is slower than direct kinematics methods, and requires 

additional preparation steps, such as the scaling of the model’s segment to the size of 

the individual, and the correct placement of the model’s virtual markers. However, the 

use of a physiologically constrained representation of the joints may also improve the 

correctness of the MTU kinematics, which is possibly altered by the joint dislocations 

typical of the direct kinematics approach. Real-time estimation of inverse kinematics is 

challenging, since it requires solving an optimisation at each time frame, which may 

introduce delays in the data visualisation or result in low frame rates. The time required 

to solve the inverse kinematics depends on the algorithm, software implementation, 

programming language, and hardware. Van den Bogert et al (2013) analysed the 

accuracy of their inverse kinematics algorithm and defined the deadline for the real-time 

computation of inverse kinematics to 1 ms. This resulted in an error of less than 0.01 

deg when compared to the complete inverse kinematics execution. Alternatively, the 

algorithm implemented by Murai et al. (2010) took 12 ms to solve the inverse 

kinematics, but the throughput was increased by using 3 concurrent threads to solve 

different inverse kinematics time frames. Nonetheless, both alternatives are based on 

generic anatomical model and fixed marker-sets and cannot be personalised, which may 

limit their application to specific populations or tasks. 
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2.7.2. Real-time kinetics 

The set of resultant joint forces and moments required to satisfy a prescribed motion are 

solved by inverse dynamics (Bresler and Frankel, 1950). The conventional inverse 

dynamics method iteratively solves the Newton-Euler equations of motion for each 

body segment (Winter, 2005b). When the only kinematics is available, the equations of 

motion are solved from the top-most segment of the kinematic chain, proceeding 

downwards. However, this produces noisy results since joint accelerations are based on 

double differentiation and segments’ mass and inertial properties may be inaccurate 

(Kuo, 1998). Force plates are used to provide a measure of the ground reaction forces, 

which are used as boundary conditions for the bottom-most segment. In this case, the 

inverse dynamics is solved from the bottom-most segment upwards. While this 

improves the results, the use of additional data results into an over-determined problem, 

which is solved by discarding the accelerations at the top segment or by introducing 

residual forces. Alternatively, a least square optimisation can be used to minimise the 

inverse dynamics error among all the joints (Kuo, 1998). Although this results in poorer 

joint moments estimates of the bottom segment, the errors of the joint moments distal to 

the force plate are lower (Kuo, 1998). OpenSim implements a similar approach through 

efficient multibody physics libraries (Sherman et al., 2011) that have the potential to be 

used for real-time inverse dynamics calculation.  

The solution of the inverse dynamics requires the accurate calculation of the multibody 

kinematics, which is why only a small number of studies have solved full-body inverse 

dynamics in real-time (Murai et al., 2010; van den Bogert et al., 2013; van den Noort et 

al., 2015). Inverse dynamics computation is also simplified at times. For instance by 

solving the joint moments using the cross-product of position and ground reaction force 
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vectors (Wheeler et al., 2011), which is a not always an acceptable simplification 

(Winter, 2005a).  

2.7.3. Real-time muscle forces 

The real-time estimation of muscle forces is challenging since it requires joint angles, 

which are used to estimate the MTU lengths and moment arms about each DOF, joint 

moments, from experimental EMG.  

The estimation of MTU lengths and moment arms can be a slow operation, not suitable 

for real-time computations. Specifically, OpenSim uses the generalised force method 

(Sherman et al., 2014) to exactly estimate moment arms by accounting for MTU paths 

wrapping around point and surfaces. However, for large musculoskeletal models, the 

generalised force method can be computationally intensive. Polynomial regression 

equations are a fast alternative to estimate MTU kinematics in real-time (Menegaldo et 

al., 2004), but their performance depends on the number of DOFs of the 

musculoskeletal model. Also, the choice of the best order of the regression equation is a 

manual procedure. Therefore, for each model personalisation, including scaling, it is 

required to re-evaluate the optimal polynomial regression equation, which may be 

inconvenient since it hampers the flexibility offered by OpenSim. Alternatively, 

multidimensional cubic splines can be created from any musculoskeletal model by 

sampling the MTU length throughout the range of motion of the model’s DOFs (Sartori 

et al., 2012c). The multidimensional cubic splines approach is independent from 

personalisation of the musculoskeletal model, and has shown smaller errors and 

computational cost than polynomial regressions (Sartori et al., 2012c). Importantly, for 

both polynomial and multidimensional cubic splines solutions, MTU moment arms 

about each DOF can be calculated from partial differentiation of the MTU lengths with 
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each joint degree of freedom (Menegaldo et al., 2004; Sartori et al., 2012c; Sherman et 

al., 2014). 

EMG-driven models have been used in real-time to estimate muscle forces in the arm 

(Cavallaro et al., 2006; Manal et al., 2002) and at the ankle (Fleischer and Hommel, 

2008; Manal et al., 2012). In these, joint angles were maintained constant (Manal et al., 

2002), directly measured using electrogoniometers (Manal et al., 2012), or sensors 

embedded in exoskeletons (Cavallaro et al., 2006; Fleischer and Hommel, 2008). While 

the use of a direct measurement removed the necessity to estimate joint angles through 

direct or inverse kinematics methods, these solutions consider only a single DOFs in 

their calculations, which may not be appropriate for the study of the knee joint (Sartori 

et al., 2012a). A generic solution was proposed by Murai et al. (2010) that used a hybrid 

approach to estimate forces from 274 muscles of the human body, in which 128 muscles 

were grouped in 16 functional groups. Muscles in the same group were assumed to have 

the same excitations and were solved using a EMG-driven method, while the remaining 

muscle forces were minimised through static optimisation. However, this reductive 

approach does not allow the investigation of single muscle functions or the correct 

evaluation of the co-contractions of the muscles surrounding the knee. Furthermore, 

muscle parameters were not calibrated to the subject, which has been proven necessary 

to better estimate physiologically correct muscle forces (Sartori et al., 2012a). 

Finally, real-time muscle forces have also been calculated using pure static optimisation 

(van den Bogert et al., 2013), in which the employed optimisation criterion minimised 

the weighted sum of muscle forces (van der Helm, 1994). Notably, Chadwick et al. 

(2009) implemented a forward dynamics real-time virtual arm, but its scope regarded 

in-silico testing of neural prosthesis systems, rather than for monitoring and 

biofeedback. 
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Each of the solutions available in literature to estimate muscle forces in real-time are 

limited by different factors, such as the use of a single DOF (Cavallaro et al., 2006; 

Fleischer and Hommel, 2008; Manal et al., 2002; Manal et al., 2012), the use of generic 

musculoskeletal anatomy that cannot be personalised to the individual (Murai et al., 

2010; van den Bogert et al., 2013), or the inability to capture individual muscle 

activation and co-contraction patterns (Murai et al., 2010; van den Bogert et al., 2013), 

which may limit the use of these methods to specific populations and tasks. What is 

required is the development of a generic software to estimate muscle forces in real-time 

that overcomes the limitations of the current systems. Specifically, this involves 

estimating muscle forces using EMG-informed models involving any number of DOFs 

and MTUs, interfacing with marker-based motion capture systems or wearable devices, 

and enabling the use of personalised musculoskeletal geometry to better reflect the 

anatomy of an individual. 

2.8. Summary 

Knee OA is believed to be caused by inappropriate knee articular loading (Andriacchi 

and Mundermann, 2006). However, it is not possible to measure knee articular loading 

in-vivo, and a large body of literature has consequently focused on correlating external 

kinematics, kinetics, and EMG measures to knee articular loading (Erhart et al., 2010; 

Fregly et al., 2009; Hunt et al., 2008; Kutzner et al., 2013b; Meyer et al., 2013; van den 

Noort et al., 2013), although with poor outcomes (Walter et al., 2010; Winby et al., 

2013). Indeed, knee articular loading is sensitive to individual variations in muscle 

activation patterns and gait kinematics and kinetics, which cannot be captured by linear 

regression models (Meyer et al., 2013; Winby et al., 2013) or optimisation techniques 

(Cholewicki et al., 1995). Moreover, current gait retraining techniques are focused on 

the reduction of the KAM in order to reduce the MTFF: however, reduction in KAM 
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may not correspond to a reduction of MTFF (Walter et al., 2010). Therefore, there is the 

potential for MTFF based gait retraining technique to be more effective (Fregly, 2012) 

than KAM based gait retraining. What is required is the real-time use of EMG-informed 

NMS models (Lloyd and Besier, 2003; Sartori et al., 2014) able to estimate 

musculoskeletal tissue loads from experimentally measured EMG, therefore accounting 

for neurological differences across individuals. However, this is challenging, since it 

requires the real-time estimation joint angles and joint moments as well. OpenSim (Delp 

et al., 2007) is a popular open-source software to model musculoskeletal systems. 

OpenSim includes reliable inverse kinematics and inverse dynamics algorithms, and 

permits personalisation of musculoskeletal models, such as individual bone geometries, 

joints, and MTU line of actions. However, OpenSim cannot operate in real-time and 

does not implement EMG-informed neural control solutions. Furthermore, the research 

community is still divided upon the use of different neural control solutions to estimate 

musculoskeletal tissue loads. This debate is partially caused by the inability to directly 

access and compare different neural control solutions using a consistent software 

package. Indeed, until my PhD studies the EMG-informed models described in 

literature (Buchanan et al., 2004; Lloyd and Besier, 2003; Manal and Buchanan, 2013; 

Sartori et al., 2014; Sartori et al., 2012a) were not publicly available, or do not include 

complex calibrating procedure to estimate MTU parameters (Menegaldo et al., 2014).  

The overarching goal to this thesis was to develop a generic EMG-informed NMS 

model to estimate musculoskeletal tissue loads in real-time. The first aim of this thesis, 

presented in Chapter 4, was to fully develop and integrate a range of EMG-informed 

and static optimisation neural control solutions for NMS modelling, as well as 

calibration procedures to estimate NMS parameters, into a single open-source software 

package, called CEINMS (Calibrated EMG-Informed NMS toolbox). This required the 

implementation of each neural control solution into an easy to use, robust and 
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computationally rapid toolbox. A comparison of the different neural control solutions 

was also provided as an exploratory example for the use of CEINMS. As part of this 

aim, CEINMS capabilities were also extended to execute in real-time. The second aim 

of this thesis, detailed in Chapter 5, was to estimate in real-time joint angles and joint 

moments. A software architecture was developed in order to enable the use of 

OpenSim’s inverse kinematics and inverse dynamics algorithms in real-time. This also 

comprised interfacing with a motion capture system to read marker trajectories and 

ground reaction force data in real-time. The system was validated on three different gait 

modalities and its performance evaluated using two different OpenSim models and three 

marker-sets. The third aim of this thesis, described in Chapter 6, was to connect real-

time inverse kinematics and inverse dynamics with CEINMS, and to provide an 

example of real-time estimation of musculoskeletal tissue loads. Five healthy subjects 

were provided with real-time visual feedback of their MTFF and they were asked to 

modify their gait in order to reduce or increase their MTFF.
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Chapter 3. Development of CEINMS 

This chapter presents the development of the Calibrated EMG-informed NMS toolbox 

(CEINMS) software. A description of the NMS modelling theory used in CEINMS is 

extensively described in (Pizzolato et al., 2015) and the corresponding Chapter 4 of this 

thesis. Thus, this section will focus on the framework used to identify the CEINMS software 

requirements, and on the design choices and tools adopted to develop CEINMS. 

CEINMS is the result of the collaboration among four different institutions: Centre for 

Musculoskeletal Research (CMR), Menzies Health Institute Queensland, Griffith University, 

Gold Coast, Australia; Department of Management and Engineering of the University of 

Padua, Italy; Bernstein Centre for Computational Neuroscience (BCCN), University Medical 

Centre Göttingen, Georg-August University, Germany; and the Auckland Bioengineering 

Institute, University of Auckland, New Zealand. CEINMS is a suite of EMG-informed 

modelling methods separately developed from over 20 years of research. However, the 

different methods were single research tools specifically developed for a project or a research 

question, therefore not flexible and difficult to extend. But this is justifiable, since the 

primary focus when developing a new method is to establish its validity, rather than 

optimising its performance and flexibility (Kitchenham et al., 2004).  

The original software upon which CEINMS was based is the one that Lloyd et al. (1996) 

developed in C language and used to investigate the load sharing between muscles and soft 

tissues at the knee in isometric conditions (Lloyd and Buchanan, 1996). Lloyd and 

colleagues’ software was further developed to accommodate dynamic movements Besier 

(2000) and was extensively described by Lloyd and Besier (2003) and Buchanan et al. 

(2004). It was then used to predict knee joint moments during a variety of dynamic locomotor 
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tasks (Lloyd and Besier, 2003) and to investigate the role of ligament in the knee stabilisation 

during cutting manoeuvres (Lloyd et al., 2005). Lloyd and colleagues continued the 

development of these methods, which is still on going. In this Winby (2008) contributed to 

the development of the software by reducing the time required for the calibration of muscle 

parameters and improving the numerical integration of stiff differential equations. Winby and 

colleagues investigated the contribution of muscles and external loads to knee articular 

loading in walking (Winby et al., 2009) and the correlation between measured EMG and knee 

articular loading (Winby et al., 2013). Further improvements were introduced by Sartori 

(2011) with the inclusion of a stiff tendon model to be used for rapid evaluations in real-time 

applications (Sartori et al., 2010), the concurrent calibration of multiple DOFs (Sartori et al., 

2012a), the use of muscle synergies in place of muscle excitations (Sartori et al., 2013), the 

development of novel EMG-assisted methods (Sartori et al., 2014), and the calculation of 

knee and ankle joint stiffness during walking (Sartori et al., 2015). Gerus et al. (2013) then 

used the EMG-driven methods to estimate medial and lateral knee contact forces, which were 

validated using data from instrumented knee implants (Fregly et al., 2012a), while Saxby and 

colleagues evaluated the knee articular loading in a large population of healthy and ACL 

reconstructed individuals performing a range of locomotor tasks (Saxby et al., 2015; Saxby et 

al., 2016a; Saxby et al., 2016b; Saxby et al., 2016c).  

Increasing interest in the use of EMG-informed methods required the revision and re-

organisation of the tools used in the aforementioned studies. Prior to CEINMS, new 

algorithms could not be easily implemented due to the lack of a flexible and extendable 

software, resulting in multiple versions of the same tool that were difficult to maintain and 

verify. CEINMS was developed in this current PhD to support the increasing need of 

researchers by providing a solid and reliable structure that could accommodate improvements 

and new algorithms. The initial version of CEINMS permitted one to create new neural 
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control solution algorithms (Sartori et al., 2014), to test new calibration objective functions 

(Gerus et al., 2013), and to investigate large populations (Saxby et al., 2015; Saxby et al., 

2016a; Saxby et al., 2016b; Saxby et al., 2016c). These methods and algorithms were 

continuously refined in subsequent versions of CEINMS, which has become a complete and 

efficient toolbox to investigate the influence of different neural control solutions on the 

prediction of muscle forces and muscle excitations (Pizzolato et al., 2015): Chapter 4 of this 

thesis. 

The design process of a software comprises of three different activities: identification of the 

software requirements, identification of the solutions, and their implementation with state-of-

the-art technologies (Roman, 1985). Software requirements describe the desired 

characteristics, performance, and capabilities of the software (Roman, 1985). The correct 

identification of the software requirements is an essential part of software design since it 

drives the search for an appropriate solution. The following sections briefly introduce the 

requirements of CEINMS, their solutions, and the technological choices to implement each 

solution. 

3.1. CEINMS requirements 

FURPS+ (Grady, 1992), a classification framework commonly used in industry, was adopted 

to correctly capture all the software requirements of CEINMS. FURPS+ stands for: 

Functionality, Usability, Reliability, Performance, Supportability, and a plus sign for further 

requirements not included in the other categories. FURPS+ divides the requirements in 

functional, which represent the software features, capabilities, and goals; and non-functional 

(the remaining “URPS+” categories). Usability relates with the interaction between the 

software and the user, the easiness of use and misuse, the different options available to the 

user, and the software documentation. Reliability relates with the frequency and severity of 
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failure and the computation accuracy. Performance relates to speed and efficiency, while 

supportability relates to the ability to test the software, to include of new features, and to be 

compatible with multiple operating systems. Finally, the plus sign defines further design 

constraints not included in the other categories, such as restrictions on the use of external 

software libraries or limitations regarding the supported hardware. The CEINMS 

requirements defined through the FURPS+ framework, the identified software solutions to 

fulfil the requirements, and the technologies used to implement each solution will now be 

discussed (Table 3-1).  

3.1.1. Functionality 

The functional requirements identified in the FURPS+ framework define the software 

behaviour and capabilities (Grady, 1992). A total of 9 functional requirements were identified 

for CEINMS (Table 3-1): 

1. the inclusion of EMG-informed (i.e. EMG-driven and EMG-assisted) and static 

optimisation neural control solutions, and  

2. their real-time and offline execution;  

3. the implementation of a calibration procedure that permits the use of different optimisers, 

the choice of the parameters to calibrate, and the use of multiple objective functions 

(Gerus et al., 2013);  

4. the possibility to use a variable number of MTUs and DOFs (Sartori et al., 2012a);  

5. the inclusion of different solutions for the activation dynamics (Lloyd and Besier, 2003; 

Manal and Buchanan, 2003) and  

6. the inclusion of different of tendon models (i.e. stiff and compliant tendons) (Sartori et 

al., 2010);  
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7. the mapping of experimental EMG to muscles sharing the same innervation (Lloyd and 

Besier, 2003; Sartori et al., 2012a) and the use of muscle synergies in place of muscle 

excitations (Sartori et al., 2013);  

8. the calculation of MTU kinematics via OpenSim (Sherman et al., 2014) or via 

multidimensional cubic B-splines (Sartori et al., 2012c); and  

9. the use of heterogeneous input sources, such as different input devices (Manal et al., 

2012) previously recorded data stored in a file.  

The solutions to satisfy the functional requirements of CEINMS needed to permit multiple 

modelling choices (items 1, 5, 6, and 9 above), variable dimensionality (items 3 and 4), and 

components decoupling (items 2, 7, and 8).  

The programming language chosen to develop CEINMS was C++, which is efficient, 

portable, and permits the implementation solutions for the majority of the software 

requirements. Specifically, C++ is a multi-paradigm programming language, which means it 

supports different ways to design, organise, and write a program. This is particular important 

because the final software solutions are both efficient and flexible at the same time 

(Alexandrescu, 2001). The two programming paradigms that were extensively used to satisfy 

CEINMS functional requirements are the Object Oriented Programming and the Generative 

Programming (Alexandrescu, 2001). 
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Table 3-1 - CEINMS requirements according to the FURPS+ framework and the corresponding solutions and adopted technologies. Acronims in 

the table: Object Oriented Programming (OOP), Generative Programming (GP), Extensive Markup Language (XML), Schema Definition (XSD) 

FURPS+ 

Components 

# Desired CEINMS requirements Status Solutions Technologies 

Functionality 1 Neural control solutions ✓  OOP and GP paradigms 

 Shared memory 

 Concurrent execution 

 Encapsulation and 

abstraction 

 Policy 

 Multithreading 

 C++ 

 2 Real-time/offline execution partial 

 3 Tuneable calibration ✓ 

 4 Variable MTUs and DOFs dimensionality ✓ 

 5 Multiple activation dynamics ✓ 

 6 Multiple tendon models ✓ 

 7 Neural mapping and synergies ✓ 

 8 Different methods for the estimation of MTU kinematics ✓ 

 9 Heterogeneous input devices ✓ 

Usability 10 Extensive configurability ✓ Multiple configuration files XML 

 11 Compatibility with OpenSim  ✓ Same file format  

 12 User manual ✓   

Reliability 13 Error checking ✓ Input data validation XSD 

 14 Software modules can be tested individually ✓ OOP and GP paradigms Encapsulation, Abstraction, 

policy 

Performance 15 Real-time execution of the neural control solutions partial Concurrent execution Multithreading 

 16 Fast calibration  ✓ Profiling Valgrind 

 17 Concurrent real-time calibration X   

Supportability 18 Portability for multiple operating systems  ✓ Availability of compilers on multiple 

operating systems and limited use of 

external libraries 

C++, CMake 

 19 Software availability ✓ Public repository and web portal GitHub, SimTK 

 20 Examples and test data ✓ Use of publicly available data Grand Challenge Data 

 21 Use of OpenSim muscle models x   

Plus+ 22 Use in embedded systems ✓ Availability of compilers for multiple 

architectures 

C++ 

 23 Can be used in third-parties applications ✓ Permissive licence Apache Licence v2.0 
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3.1.1.1. Object Oriented Programming 

Object Oriented Programming is a paradigm where the programmers not only define the 

data type of a data structure, but also the operations that are available for the data 

structure and their relationships. In Object Oriented Programming, a class is a structure 

that includes both data and functions, while an object is a specific instance of a class 

that holds specific values. The Object Oriented Programming core concepts of 

encapsulation and abstraction allow the decomposition of the main problem into 

separated entities, therefore reducing the overall complexity of the system management. 

Data abstraction defines how objects behave but not their concrete implementation. 

Abstraction focuses on the interface, which defines how an object interacts with others 

and what are its specific functionalities. This makes it possible to design software by 

first specifying its general behaviour, the interface of the different classes, and how the 

objects interact, and then by implementing the algorithms required to achieve the 

desired behaviours. Encapsulation is the hiding of internal complexity, which protects 

the data integrity by preventing users from corrupting the state of an object by 

modifying its internal values. Encapsulation reduces the overall complexity of the 

system by reducing the interdependencies among classes, also resulting in increased 

robustness. 

Encapsulation and abstraction are extensively used in CEINMS design, and an example 

of their application is the implementation of the classes for the musculoskeletal model 

and the EMG-assisted neural control solution, and of their interaction. The diagram in 

Figure 3.1 describes the relationship among the classes that represent the EMG-assisted 

neural control solution, the musculoskeletal model, the MTUs, and the DOFs. These 

classes are user defined data types that can interact (i.e. abstract representation). The 
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EMG-assisted neural control solution interfaces with the musculoskeletal model, which 

encapsulates multiple DOFs and MTUs. 

 

Figure 3.1 - Relationship among the different classes that compose the NMS model. 

Specifically, the EMG-assisted neural control solution is allowed to communicate only 

with the musculoskeletal model, and not with its sub-components (DOF and MTU). 

This permits the hiding the internal implementation of the musculoskeletal model, and 

reduction of the overall complexity of the system. Since DOFs and MTUs are 

encapsulated in the musculoskeletal model they can be modified without affecting the 

interface with the EMG-assisted neural control solution. The opposite also applies since 

different neural control solutions can use the musculoskeletal model independently from 

the implementation of DOF and MTU. While Object Oriented Programming provides 

the fundamental paradigm upon which CEINMS is developed, it does not provide 

enough flexibility to implement all the functional requirements (Table 3-1). 

Specifically, while Object Oriented Programming allows the adaption and reuse of 
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software components, the efficiency and performance of the final system could be 

limited (Webster, 1995). 

For example, the muscle model used by each MTU requires the implementation of 

multiple activation dynamics and multiple numerical methods to calculate the tendon 

length. While encapsulation can hide the internal complexity of a system, it lacks of 

mechanisms to select different components. What is required is the possibility to 

independently select the activation dynamics and the tendon model. More importantly, 

the muscle model should be easy to extend by adding new types of activation dynamics 

and tendon models. The same problem applies to calibration, in which optimisation 

algorithms and objective functions should be chosen independently. Moreover, simple 

mechanisms to extend the number of available optimisers and functions should also be 

employed. 

3.1.1.2. Generative Programming 

The Generative Programming paradigm offers a solution to these design problems 

(Alexandrescu, 2001; Czarnecki and Eisenecker, 2000; Eisenecker, 1997). Generative 

Programming permits the design and implementation of software components that can 

be combined to obtain specialised and optimised system (Eisenecker, 1997). 

Specifically, Generative Programming allows the separation of each behavioural or 

structural aspect of the software (i.e. policy) in multiple smaller classes, each called 

policy class. The selected policy classes are then assembled in a host class whose 

complex behaviour reflects the sum of the single policy class behaviours (Alexandrescu, 

2001). Software designed on policies can be easily extended and improved by the 

creation of new policy classes. 
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Figure 3.2 – Example of use of different policy classes to define the behaviour of the 

muscle model 

Different policies can be used to implement multiple tendon models and activation 

dynamics (Figure 3.2). The muscle model used by each MTU is the host class defined 

by two different policies: the activation dynamics and the tendon model. CEINMS 

provides three different classes for the tendon model policy that implement different 

numerical solutions: numerical integration (Buchanan et al., 2004), forces equilibrium 

(Pizzolato et al., 2015), and stiff tendon (Sartori et al., 2010). Similarly, two different 

classes are available for the activation dynamics policy: exponential (Lloyd and Besier, 

2003) and piecewise (Manal and Buchanan, 2003). Each activation dynamics policy 

class can be combined with a tendon model policy class in the muscle model host class, 

thus resulting in six different muscle model implementations. New algorithms can also 

be introduced for activation dynamics or tendon model while maintaining unaltered 

structure of the host class and other components of the software. However, the 

modularity offered by the Generative Programming cannot be applied in every situation 

since it is not always possible to deconstruct a complex system into a set of single 
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behaviours. For example, requirement 8 in Table 3-1 regards the calculation of MTU 

kinematics either by using OpenSim or a set of multidimensional cubic B-splines 

(Sartori et al., 2012c). While these two solutions provide the same output (i.e. MTU 

lengths and moment arms), their internal implementation is completely different. 

Consequently, the use of Generative Programming or Object Oriented Programming 

paradigms is not the best choice for their design. What is required is the ability to select 

the appropriate component to produce the MTU kinematics without modifying other 

parts of the code. The same concept applies for the requirements 2 and 9 (Table 3-1): 

CEINMS should execute in real-time or offline using the same musculoskeletal model, 

and should provide a mechanism to use different input devices without any impact on 

other parts of the software. The solution identified to address these requirements was to 

create a modular set of interchangeable components, loosely coupled through shared 

memory buffers. 

3.1.1.3. Shared memory 

Shared memory can be accessed by multiple execution threads or software components. 

The different components are loosely coupled and communicate asynchronously by 

independently reading and writing data in a shared memory buffer. Each component is 

unaware of the procedures used to produce its input and/or how its output is used. 

Consequently, each component can be independently substituted without impacting on 

the rest of the system, as long as the data structure remains unchanged.  

An efficient implementation of a shared buffer requires components depending on the 

data in the buffer to be aware of data changes as soon as possible. Each component 

could continuously verify if the shared memory has changed (i.e. polling), but this is not 

acceptable since it results in poor performances (i.e. busy waiting). It was decided to 

implement a shared buffer based on a publisher-subscriber design pattern (Buschmann 
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et al., 2007), where a design pattern is a generic solution to a common recurring 

problem in software design (Gamma et al., 1994). In the publisher-subscriber design 

pattern (Buschmann et al., 2007) a dedicated component takes the role of publisher, 

while all the components that depend on the publisher’s data are the subscribers. Every 

time a publisher updates the data in the shared memory, it also notifies all the 

subscribers, which retrieve the data to their discretion. Importantly, the publisher is not 

aware of the number of its subscribers, which is not predetermined and can be easily 

changed. Moreover, a single component can be a subscriber to many publishers, and a 

component can take both roles of publisher and subscriber of different data. Following 

the rules of the publisher-subscriber design pattern it is possible to realise a complex 

network of interchangeable components that exchange information while being loosely 

coupled (Buschmann et al., 2007). 

However, shared memory alone is not enough to enable efficient execution if the overall 

structure of the program is not well designed. The traditional approach follows a 

sequential structure that involves the repetition of three steps: data reading, algorithm 

execution, and output production. But this is an issue when efficiency is a requirement, 

since input/output operations (e.g. memory, hard disk storage, USB ports, etc.) are 

typically slow. Specifically, this is a critical problem when multiple input sources are 

involved. While the software waits for a single input device to provide its data, the other 

devices cannot be served, since the current operation must first be completed. This 

results in slow and inefficient software that results in the most time waiting for data to 

be provided by input devices.  

3.1.1.4. Concurrent Execution 

The concurrent execution of different software components allows multiple events to 

occur simultaneously. Specifically, while a thread is processing data from the previous 
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time frame, other threads can read data from different input devices, or write output data 

from previous time frames. This removes the idle times associated with input/output 

operations, increasing the overall execution speed of the system. Moreover, the 

concurrent execution of different software components takes advantage of the multiple 

cores available in modern CPUs.  

The concurrent execution of different parts of the software can be realised using 

multiple processes or multiple threads. Both processes and threads are independent 

sequences of execution. Threads can efficiently communicate through shared memory 

and can be executed on a single computer. Conversely, different processes can be 

distributed across multiple machines, but they must then communicate by passing 

messages, which can be more onerous. It was decided to implement CEINMS using a 

multithread approach to minimise the delays associated with data sharing. Furthermore, 

multithreading is natively supported by all the modern C++ compilers that follow the 

recent C++11 standard used by CEINMS. Consequently, this choice also satisfied the 

requirements 21 and 22 (Table 3-1). 

3.1.2. Usability 

The usability category of the FURPS+ framework specifies the requirements for 

software and human interaction (Grady, 1992). To ensure the usability of CEINMS it 

was required to (Table 3-1 #10) allow the configuration of CEINMS by users with 

limited programming skills, (Table 3-1 #11) ensure compatibility with OpenSim, and 

(Table 3-1 #12) provide a user manual. 

Multiple configuration files were implemented to permit the users to configure all the 

parameters that influence the execution of CEINMS without requiring advanced 

programming skills. Rather than a single configuration file including all the parameters, 

it was decided to use multiple configuration files, each one associated to a specific 
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aspect of the software. This is advantageous since users can focus on the parameters 

they are interested in, reducing the possibility to mistakenly modify unrelated 

parameters. Moreover, configuration files can be easily reused across subjects or 

projects. The CEINMS configuration files were defined using the Extensible Markup 

Language (XML). XML documents can be well interpreted by humans, have a clear 

design, and can be easily parsed and created using several freely available third-party 

software. The CEINMS configuration files are: 

 Subject: defines all the information relative to the subject, such as the MTUs, 

their parameters and properties, and the DOFs they span. 

 Trial information: defines the location of the data files regarding muscle tendon 

length, moment arms, experimental excitations, muscle synergies, and 

experimental joint moments and contact forces. This configuration file is used 

when CEINMS is executed offline or in the calibration procedure. 

  Neural mapping setup: defines how the experimentally derived muscle 

excitations are mapped to the individual MTUs; alternatively, it defines the 

linear combinations of synergy modules to derive muscle excitations. 

 Calibration configuration: defines the NMS parameters to be calibrated, which 

MTUs and DOFs to include in the calibration, the objective function, and the 

trial information files to be used for the calibration. 

 Calibration setup: defines the subject, neural mapping setup, and calibration 

configuration files to use in the calibration procedure. 

 Execution configuration: defines the neural control solution to use for the 

execution of CEINMS. 

 Execution setup file: defines the subject, neural mapping setup, execution 

configuration, and the trial information files to use in the execution of CEINMS. 
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The complete description of the configuration files, their structure, and the available 

options are provided in the CEINMS manual (Ceseracciu et al., 2015b). 

The compatibility with OpenSim was ensured by adopting the same format (.mot and 

.sto) for input and output data files, which permits the use CEINMS in combination 

with all the other OpenSim tools, such as inverse dynamics and muscle analysis. 

Furthermore, a graphical user interface (GUI) was developed to incorporate CEINMS in 

OpenSim (Figure 3.3), allowing the user to easily interact with the toolbox and 

providing guidance in the creation of the XML configuration files. 

 

Figure 3.3 – CEINMS GUI 

3.1.3. Reliability 

The structure of the XML files used in CEINMS was based upon a set of rules defined 

through the Schema Definition (XSD) standard (Gao et al., 2009). These rules specify 

the syntax of each XML file defining the list of expected parameters, their sequence, 

type (e.g. integer, float, string), and range. Every XML file can be verified against the 

set of XSD rules in order to assess its correctness (Table 3-1 #13). Moreover, the 

adoption of XSD permits the use of reliable third-party software for parsing XML data, 
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thus reducing the possibility of syntax errors. CEINMS employs CodeSynthesis XSD 

libraries (http://www.codesynthesis.com/products/xsd) to automatically generate C++ 

code that permits the intuitive interaction with XML configuration files. Although 

correct use of XML and XSD files for configuration purposes may seem of marginal 

relevance, it is extremely important since it ensures the absence of errors in the 

configuration of CEINMS execution, which could otherwise lead to undefined software 

behaviour and unreliable results. 

To improve the reliability of CEINMS a suite of tests was created to verify the correct 

behaviour of critical software components. This was facilitated by the use of Object 

Oriented Programming and Generative Programming paradigms that permit the division 

of a complex system into individual components, which are easily testable. For 

example, the optimisation algorithms implemented in CEINMS were evaluated by 

comparing the analytic minima of the Rosenbrock (Rosenbrock, 1960) and Ackley’s 

(Ackley, 2012) functions with the value found by the optimisers. A second test regards 

the muscle model employed in CEINMS that was verified using the same benchmark 

presented by Millard et al. (2013), in which the correctness of the model was assessed 

against publicly available data of a rat soleus (Krylow and Sandercock, 1997).  

3.1.4. Performance 

The performance requirements (Table 3-1) of CEINMS that were related to the 

execution speed were: (#16) the real-time execution of the different neural control 

solutions, (#17) a fast parameter calibration, and/or (#18) a real-time calibration to be 

performed concurrently with the execution of any of the neural control solutions. 

Software execution speed depends on the programming language, algorithm, software 

implementation, and hardware. As previously mentioned, C++ is an efficient 

programming language (Goldthwaite, 2006; Stroustrup, 2014a) with advanced 

http://www.codesynthesis.com/products/xsd
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compilers that can effectively optimise the code for a specific hardware architecture. 

Moreover, the use of Generative Programming further improves the performance of 

C++ software removing the run-time computational overhead that can be exhibited by 

programs using only abstraction and encapsulation (Alexandrescu, 2001; Goldthwaite, 

2006). Furthermore, multithreading enables the efficient use of input/output devices and 

permits the distribution of tasks across several processors in multicore machines. 

The best practices to obtain efficient C++ code (Alexandrescu, 2001; Meyers, 1995; 

Meyers, 2001; Meyers, 2005, 2014) were followed during the development of 

CEINMS. These included using time efficient data structures and algorithms, such as 

the ones offered by the Standard Template Library (Meyers, 2001; Plauger et al., 2000), 

avoiding the creation of temporary objects (Meyers, 2005), avoiding unnecessary 

numerical computations (Meyers, 2005), implementing efficient data passing among 

objects (Meyers, 2014), and further technical improvements to reduce computational 

costs (Alexandrescu, 2001; Meyers, 1995, 2005, 2014). 

Nonetheless, while it is possible to identify which parts of the program are 

computationally expensive based on experience, human errors and inaccuracies cannot 

be excluded. Specific software tools called profilers are used to analyse and measure the 

execution speed of a program (Goldthwaite, 2006). Specifically, a profiler measures the 

number of CPU cycles spent in each line and each function of the code and often 

provides visual tools to identify computational bottlenecks. These objective measures 

permit one to focus their optimisation efforts on the most computationally expensive 

portions of the code. Valgrind (http://valgrind.org) was the profiling software used to 

analyse the execution speed of CEINMS.  

The profiling of CEINMS has been performed routinely since the beginning of the 

software development. However, a complete and accurate record of the execution speed 

http://valgrind.org/
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improvements that resulted from the identification of bottlenecks was not recorded since 

the profiling of CEINMS was performed routinely and the single performance 

improvements were small. Nonetheless, the cumulative sum of all the improvements 

resulted in a remarkable reduction of the execution time. A qualitative comparison was 

performed using the calibration time reported by Winby (2008), which was 

approximately 8-12 hours when calibrating 13 MTUs with 1 DOF. The current 

CEINMS calibration time was approximately 10 - 20 minutes when calibrating 13 

MTUs with 1 DOF, and increases to 30 – 60 minutes when including 34 MTUs with 4 

DOF. The latter test was performed on a regular desktop computer (CPU: Intel Core i5-

2400 @ 3.1 Ghz, RAM: 8 GB). Differences in the hardware certainly played a role in 

the performance improvements; however, it is not possible to provide an exact 

comparison, since the hardware used in Winby (2008) was not reported. Nonetheless, 

the systematic profiling of the software performance helped to remove the majority of 

the computational issues.  

The EMG-assisted neural control solution (Sartori et al., 2014) was also optimised to 

improve its execution speed. The initial implementation required approximately 15 

minutes per time frame, which was unacceptable since a single experimental trial 

usually comprises 100 or more time frames. Profiling CEINMS permitted the 

identification of several unnecessary computations, which were removed and/or 

refactored. This resulted in a dramatic decrease of the execution time to approximately 4 

seconds per frame. Importantly, the underlying algorithm remained unaltered, producing 

the exact same results as the initial version. Nonetheless, further improvements will be 

required to execute the EMG-assisted neural control solution in real-time. 
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3.1.5. Supportability 

The compatibility of CEINMS with multiple operating systems was an essential 

supportability requirement (Table 3-1 #18). While the majority of the biomechanical 

research community uses Windows to perform their analyses, the compatibility with 

Linux is necessary to permit the future use of CEINMS on Linux-based embedded 

systems (Table 3-1 #22). Moreover, the compatibility with Linux is essential to permit 

the future use of CEINMS in robotic applications, in which the use of Linux is 

predominant (Quigley et al., 2009). Consequently, to permit the compatibility with 

Windows, Linux, and Mac OS, it was decided to limit the dependence from external 

software libraries, mainly using the standard libraries already available with the C++ 

compilers. To further increase the portability of CEINMS, we adopted CMake 

(cmake.org), a suite of tools that permits the cross-platform compilation and 

management of a project (Hoffman et al., 2009). The adoption of CMake removed the 

necessity to have multiple CEINMS project files for different operating systems, also 

resulting in less system maintenance. Moreover, different software developers were able 

to seamlessly collaborate on the CEINMS source code while working with different 

compilers on different operating systems. 

As initially stated, CEINMS is the collaborative effort of four different institutions. This 

required the use of a version control system to manage and share code among 

developers (Table 3-1 #19). A version control system helps a group of software 

developers collaborating on a single project to manage source code changes over time 

(Tichy, 1985). Changes in the source code are continuously tracked in the version 

control system database. If a mistake is made, it is possible to retrieve previous version 

of the source code with minimum disruption for the other developers. Furthermore, a 

version control system permits developers to independently work on different 
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components of the software facilitating the integration of the each developer’s changes 

into the main source code. Git (http://git-scm.com) was used as a source code 

management and version control system for CEINMS. A public centralised git code 

repository hosted on GitHub (http://github.com/ceinms/ceinms) permits easy access to 

the latest public release of CEINMS, while a private repository on Bitbucket 

(http://bitbucket.org) is used to implement CEINMS features that are employed in 

several research projects that are not yet publicly available. When the new features 

developed on the private repository are completed, they are easily made available 

through the public repository on GitHub. 

Executable packages of CEINMS were also distributed on the SimTK website 

(http://simtk.org/home/ceinms), which is a popular public portal that aggregates several 

biomechanics and biomedical projects. Example data (Table 3-1 #20) based on the Knee 

Grand Challenge dataset (Fregly et al., 2012a) was distributed with CEINMS to permit 

the testing, calibration and execution of CEINMS and to provide users with templates of 

the configuration files. 

3.1.6. Further requirements 

Further requirements of CEINMS not included in the previous categories regard (Table 

3-1 #21) the possibility to use CEINMS in embedded systems and (Table 3-1 #22) in 

third-party applications. The use of C++ as programming language for embedded 

systems is becoming more common (Herity, 2015a, b; Meyers, 2010; Stroustrup, 2014a) 

due to the use of embedded computing systems based on generic microprocessors 

(Wolf, 2012) and the availability of mature C++ compilers for different architectures 

(Stroustrup, 2014b). Furthermore, the programming paradigms offered by C++ permit 

the production of software that is more flexible and, despite common opinion, no less 

efficient than software created using the C programming language (Herity, 2015a, b; 

http://git-scm.com/
http://github.com/ceinms/ceinms
http://bitbucket.org/
http://simtk.org/home/ceinms
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Meyers, 2010; Stroustrup, 2014a). To improve the compatibility of CEINMS with 

embedded devices it was also decided to limit the use of external software libraries. 

When executed in real-time CEINMS only uses CodeSynthesis XSD library to read 

XML configuration files and Boost ASIO libraries (http://boost.org) to stream data 

across distributed devices, for example to permit the real-time visualisation of the 

results on a GUI. During internal testing, CEINMS was successfully executed in real-

time on a Raspberry Pi 2 Model B embedded system (http://raspberrypi.org) to estimate 

the forces of muscles surrounding the ankle using the EMG-driven neural control 

solution from input data of 5 EMG sensors and 1 electrogoniometer (see YouTube link). 

To permit the diffusion and use of CEINMS in third-party applications (Table 3-1 #22), 

it was decided to adopt Apache Licence version 2.0 as a permissive free software 

license. The use of Apache Licence version 2.0 allows the use of CEINMS for any 

purpose, including the distribution and modification of the source code and the use in 

commercial applications. This choice is intended to promote the diffusion of CEINMS 

and its use in third-party software without requiring the permission of the developers. 

Furthermore, the same licence is used for OpenSim, facilitating the future integration of 

CEINMS, or portion of CEINMS, into OpenSim. 

3.2. Summary 

This Chapter described the identification of CEIMS software requirements and their 

solutions. CEINMS was developed to support the increasing need of neural based 

estimation of muscle forces from researchers in the field of computational biomechanics 

by providing a solid and reliable structure that could accommodate improvements and 

new algorithms. Software tools used in 20 years of research were reorganised into a 

consistent and comprehensive toolbox including different neural control solutions that 

http://boost.org/
http://www.raspberrypi.org/
https://www.youtube.com/watch?v=qIrPRliifHI&list=PL6hTXht5tRYLQwEBEVRMjqSH-GDFQYrdu
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could be easily compared using a consistent musculoskeletal model (Pizzolato et al., 

2015) and presented in Chapter 4.  

The requirements of CEINMS were identified following the FURPS+ framework and 

used to inform the software design (Grady, 1992). To satisfy all the requirements (Table 

3-1) a set of state-of-the-art technologies for profiling software, version control, XML, 

and programming techniques, were employed.  

Not every CEINMS requirement has been fully implemented (Table 3-1 #2, #15, #17, 

#21). While the EMG-assisted and static-optimisation neural control solutions were 

enabled for real-time and their execution speed dramatically reduced since their initial 

implementation, further work will be required to reduce their execution times from the 

approximately 300 ms of the current implementation to less than 75 ms, which is an 

acceptable value for biofeedback applications. This will be possible by further profiling and 

by the adoption of gradient descendent optimisation algorithms in place of the global 

optimisation algorithm currently in use (i.e. simulated annealing). 

Also, while the performance of calibration procedure was substantially improved, real-

time calibration is still not possible. While preliminary solutions to realise a real-time 

calibration have been investigated, further research is needed to obtain smaller 

calibration times and to understand how to better calibrate CEINMS. A real-time 

calibration would reduce the setup times required prior the use of CEINMS and adapt to 

new tasks not previously included in the offline calibration. Finally, the current 

implementation of CEINMS does not yet allow the use of muscle models available 

within OpenSim. However, this is one of the improvements scheduled in the future 

releases of CEINMS, along with a stronger integration with OpenSim. 

The following Chapter 4 (Pizzolato et al., 2015) describes the modelling theory used in 

CEINMS, the data processing and preparation required for the offline calibration and 
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execution, and provides an example of use of CEINMS. In Chapter 5 the real-time 

solution of inverse kinematics and inverse dynamics algorithms from motion capture 

and GRF data will be presented. The software described in Chapter 5 employs the same 

technologies used in CEINMS and introduced in this current Chapter, such as 

encapsulation, abstraction, policy-based design, multithreading, and publisher-

subscriber design pattern. In Chapter 6 presents a study in which the software created to 

solve inverse kinematics and inverse dynamics in real-time was interfaced in CEINMS 

and employed in a research study investigating knee articular loading. This was possible 

because of the modular software design, which permitted the use of different source of 

input without impacting the rest of the software. 
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Chapter 4. CEINMS: A toolbox to investigate the influence 

of different neural control solutions on the prediction of 

muscle excitation and joint moments during dynamic 

motor tasks 
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4.1. Abstract 

Personalised neuromusculoskeletal (NMS) models can represent the neurological, 

physiological, and anatomical characteristics of an individual and can be used to 

estimate the forces generated inside the human body. Currently, publicly available 

software to calculate muscle forces are restricted to static and dynamic optimisation 

methods, or limited to isometric tasks only. We have created and made freely available 

for the research community the Calibrated EMG-Informed NMS Modelling Toolbox 

(CEINMS), an OpenSim plug-in that enables investigators to predict different neural 

control solutions for the same musculoskeletal geometry and measured movements. 

CEINMS comprises EMG-driven and EMG-informed algorithms that have been 

previously published and tested. It operates on dynamic skeletal models possessing any 

number of degrees of freedom and musculotendon units and can be calibrated to the 

individual to predict measured joint moments and EMG patterns. In this paper we 

describe the components of CEINMS and its integration with OpenSim. We then 

analyse how EMG-driven, EMG-assisted, and static optimisation neural control 

solutions affect the estimated joint moments, muscle forces, and muscle excitations, 

including muscle co-contraction.  
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4.2. Introduction 

Estimation of individual muscle forces and their contribution to joint moments is 

essential for understanding how humans solve the dynamics of movement. Different 

methods have been developed to estimate muscle forces (Erdemir et al., 2007). These 

methods include static and dynamic optimisation (Anderson and Pandy, 2001a; 

Crowninshield et al., 1978), which involve the use of inverse dynamics to track external 

joint moments and/or joint kinematics and estimation of muscle activations and forces 

to satisfy pre-selected objective criteria. However, optimisation methods cannot account 

for variations in muscle activation patterns (Buchanan and Shreeve, 1996) between 

tasks (Buchanan and Lloyd, 1995; Tax et al., 1990) and individuals (Lloyd and 

Buchanan, 2001), even when joint angles and moments are the same. Furthermore, 

optimisation methods cannot predict the muscle co-contraction evident in the 

electromyography (EMG) patterns of different tasks (Colby et al., 2000; Lloyd and 

Buchanan, 2001; Neptune et al., 1999) and different patient populations (Bryant et al., 

2008; Heiden et al., 2009b; Schmitt and Rudolph, 2007).  

An alternative to optimisation is to use EMG-driven neuromusculoskeletal (NMS) 

models, in which EMG signals and three-dimensional (3D) joint angles are used to 

calculate individual muscle forces (Buchanan et al., 2004; Lloyd and Besier, 2003; 

Lloyd and Buchanan, 1996). EMG-driven models overcome the limitations of static and 

dynamic optimisation; however, they are not without shortcomings (Chèze et al., 2012), 

such as limited muscles from which EMG data can be acquired and errors in EMG 

measurement and normalisation (De Luca, 1997; Sartori et al., 2014).  

While optimisation methods are easily accessible (Delp et al., 2007), EMG-driven 

methods have been developed by different research groups (Amarantini and Martin, 

2004; Buchanan et al., 2004; Langenderfer et al., 2005; Lloyd and Besier, 2003; Thelen 
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et al., 1994) and they are not publicly available (Fregly et al., 2012b), or are limited to 

isometric tasks (Menegaldo et al., 2014). Also, software developed for research is often 

tuned to a particular project, data acquisition protocol, or laboratory, which makes it 

difficult to share. Furthermore, implementations of the same algorithm may be 

inconsistent among different software, with subsequent difficulties to compare results 

across research groups. Additionally, comparison between EMG-driven and static 

optimisation has not been possible. For example, comparison of the mechanical 

consequences of muscle co-contraction has not been possible, as it is unclear whether 

different muscle force outputs are due to the different neural control solution methods or 

musculoskeletal models.  

We have created and released the Calibrated EMG-informed NMS Modelling Toolbox 

(CEINMS, http://simtk.org/home/ceinms), an OpenSim (Delp et al., 2007) plug-in 

which enables investigators to implement EMG-informed algorithms that have been 

previously published and validated (Lloyd and Besier, 2003; Sartori et al., 2014; Sartori 

et al., 2012a). While EMG-informed methods encapsulate all algorithms that use EMG 

as inputs, EMG-driven models specifically use EMG to derive muscle excitation 

patterns. CEINMS covers neural control solutions from EMG-driven (Lloyd and Besier, 

2003), to hybrids between EMG-driven (Sartori et al., 2014) and static optimisation, to 

full static optimisation (Lenaerts et al., 2008). Additionally, CEINMS can use a set of 

excitation primitives and weighting factors as inputs rather than estimating muscle 

excitations directly from EMG (Sartori et al., 2013). Finally, CEINMS can operate with 

OpenSim musculoskeletal models possessing any number of degrees of freedom (DOF) 

and musculotendon units (MTU) and can be calibrated to the individual to predict joint 

moments (Lloyd and Besier, 2003; Sartori et al., 2012a). In this paper we describe 

CEINMS and its structure and integration with OpenSim. We then provide examples of 

using CEINMS to explore how different neural control solutions affect predicted joint 

http://simtk.org/home/ceinms
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moments, muscle forces, muscle excitations, and muscle co-contraction using the same 

NMS model and motion data. 

 

Figure 4.1- The muscle parameters in the uncalibrated subject are used as the initial 

conditions for CEINMS calibration. The calibration setup defines the parameters to 

calibrate and their relative boundaries, while the association between experimental 

muscle excitations (or excitation primitives and weightings) and MTUs is defined by 

the neural mapping. The output of the calibration is the set of calibrated parameters 

(calibrated subject) that is used as input for the execution of CEINMS to predict MTU 

forces, joint moments, and adjusted muscle excitations of trials not used for the 

calibration. The execution setup defines the neural algorithm to be used for the 

CEINMS execution. 

4.3. Methods 

4.3.1. CEINMS overview 

CEINMS is an open-source (Apache License, Version 2.0) software written in C++, 

which can be compiled and optimised on different operating systems and processor 

architectures. CEINMS use involves three steps: calibration, execution, and validation 
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(Figure 4.1). Execution inputs are MTU kinematics and external joint moments 

calculated with OpenSim (Figure 4.1), and either muscle excitations or muscle 

excitation primitives and weightings extracted from experimental EMG data (Figure 

4.2), to estimate MTU forces and joint moments. Calibration refines the NMS model 

parameter values for a specific subject by including the execution step in an 

optimisation loop that minimises error between estimated and experimental joint 

moments (Figure 4.3). Following calibration, execution (Figure 4.4) estimates MTU 

forces and joint moments for trials that have not been used in calibration. Results are 

validated comparing CEINMS outputs to experimental data, such as joint moments 

(Lloyd and Besier, 2003; Sartori et al., 2012a) and joint contact forces (Gerus et al., 

2013).  

 

Figure 4.2 - Excitation primitives and weighting factors from factorisation of 

experimental excitations can be used as input for CEINMS. CEINMS neural mapping is 

integrated in the software and can be configured to linearly combine excitation 

primitives and weightings. 
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CEINMS comprises six components; (1) data preparation, (2) neural mapping, (3) 

neural solution, (4) activation dynamics, (5) musculotendon dynamics, and (6) 

calibration.  

 

Figure 4.3 - The calibration refines the subject’s neuromuscular parameters to reduce 

the error between experimental joint moments and joint moments predicted by the 

CEINMS EMG-driven open-loop mode. 

4.3.2. Data preparation 

CEINMS requires three setup files, one each for: calibration, neural mapping, and 

execution. It also needs an initial set of model parameter values and experimental trials 

(Figure 4.1). The calibration and execution setup files enable the user to select the 

neural control algorithm (described below) and tune the behaviour of CEINMS, while 

the subject’s scaled musculoskeletal model derived from OpenSim and the input trials 

are created from experimental data using a MATLAB pipeline.  

The pre-processing block (Figure 4.5) is a MATLAB toolbox (MOtoNMS, 

http://simtk.org/home/motonms) that converts raw EMG data, marker trajectories, and 

ground reaction forces (GRF) from a C3D file to .trc and .mot files compatible with 

OpenSim. Experimental muscle excitations were calculated from raw EMG signals that 

http://simtk.org/home/motonms
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were high-pass filtered (30Hz), full-wave-rectified, and low-pass filtered (6Hz) using a 

zero-lag fourth-order recursive Butterworth filter (Lloyd and Besier, 2003). 

Experimental muscle excitations were normalised using data from multiple maximum 

voluntary contraction trials. A similar low-pass filter was applied to marker trajectories 

and GRF using a cutoff frequency of 8 Hz.  

 

Figure 4.4 - In CEINMS execution the adjusted muscle excitations in conjunction with 

MTU lengths and moment arms from OpenSim are used as inputs to estimate MTU 

forces and joint moments from a single experimental trial. For each timeframe the 

neural control solution algorithm uses the mapped excitations, the error between 

mapped and adjusted excitations, and the joint moments tracking error to minimise a 

weighted objective function.  The weighting factor values and the choice of muscle 

excitations to adjust determine the final muscle excitations produced by the neural 

control solution algorithm (i.e. EMG-driven, EMG-assisted or static optimisation).  

It is also possible to extract muscle synergies and weighting factors (Figure 4.3) from 

experimental muscle excitations using factorisation algorithms (Figure 4.2) (d'Avella 

and Tresch, 2002; Neptune et al., 2009; Sartori et al., 2013; Tresch et al., 2006).  
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CEINMS also requires as inputs MTU lengths, moment arms, and external joint 

moments. OpenSim muscle analysis and inverse dynamics tools are used to calculate 

these variables.  

 

Figure 4.5 - CEINMS data preparation pipeline in MATLAB.  Experimental data, 

including marker trajectories, ground reaction forces, and EMG signals, are first 

conditioned in the pre-processing block which performs filtering, rotation of coordinate 

systems, calculation of hip, knee, and ankle joint centres, calculation and normalisation 

of experimental excitations from EMG signals, and file conversions in OpenSim format. 

OpenSim APIs are then used to first scale a generic OpenSim model, then inverse 

kinematics, muscle analysis, and inverse dynamics tools are used to calculate MTU 

lengths, moment arms, and joint moments. The muscle parameters in the scaled 

OpenSim model are anthropometrically scaled to maintain the same operation range of 

the generic model (Winby et al 2008), which are then used as the initial conditions for 

the calibration process in CEINMS. Synergies and weighting factors can be also used in 

place of experimental muscle excitations as input for CEINMS. 

4.3.3. Neural mapping 

Previous studies have mapped experimental muscle excitations to muscles from which 

EMG data were unavailable (Lloyd and Besier, 2003; Sartori et al., 2012a). For 
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example, vastus intermedius excitation was calculated as average of vastus medialis and 

vastus lateralis excitations. Alternatively, as in Neptune et al. (2009) and Sartori et al. 

(2013), muscle excitation primitives and weightings can be used as input. CEINMS has 

a generalised method for creating muscle excitations by linearly combining any number 

of time varying input signals. This method can be used to create new muscle excitations 

from existing experimental excitations and/or derive muscle excitations from pre-

calculated muscle synergies. The resulting muscle excitations are input to a neural 

control solution algorithm (Figure 4.4).  

4.3.4. Neural control solution algorithms 

The neural control solution algorithm adjusts muscle-specific excitations to improve the 

tracking of experimental joint moments (Sartori et al., 2014) (Figure 4.4). For each time 

frame, a simulated annealing algorithm (Corana et al., 1987) minimises an objective 

function, which can be customised to target specific DOF and MTUs. Therefore, using 

the same objective function (Equation 4.1), one can access several neural control 

algorithms, grouped into three classes: 

1. EMG-driven mode. No optimisation is performed (Lloyd and Besier, 2003; Sartori 

et al., 2012a). 

2. EMG-assisted mode. Optimisation adjusts existing excitations determined from 

experimental EMG signals and synthetise excitations for muscles with no 

experimental EMGs available (Sartori et al., 2014). 

3. Static optimisation mode. Without the use of experimental EMG data, an 

optimisation synthesises all muscle excitations. 

Modes 2-3 minimise the objective function (Sartori et al., 2014): 
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∑ α (M𝑑
̅̅ ̅̅ − M𝑑)2𝐷𝑂𝐹𝑠

𝑑 + ∑ β 𝑒𝑗
2𝑀𝑇𝑈𝑠𝑦𝑛𝑡ℎ

𝑗
+ ∑ 𝛾 (𝑒𝑘̅̅ ̅ − 𝑒𝑘)2 + β 𝑒𝑘

2𝑀𝑇𝑈𝑎𝑑𝑗

𝑘  (4.1) 

where �̅�𝑑 and 𝑀𝑑 are experimental and estimated joint moment for the dth DOF, �̅� and 

 𝑒 are  experimental and estimated muscle excitations, 𝑀𝑇𝑈𝑠𝑦𝑛𝑡ℎ is the list of MTUs 

with excitations to synthesise, 𝑀𝑇𝑈𝑎𝑑𝑗 the list of MTUs with excitations to adjust, and 

α, β, γ are positive weighting factors (Sartori et al., 2014). Importantly, different modes 

can be executed on the same motion data and musculoskeletal geometry. 

4.3.5. Activation dynamics 

Neural activation is derived from muscle excitations by modelling the muscle’s twitch 

response. This improves muscle force predictions (Buchanan et al., 2004; Lloyd and 

Besier, 2003; Lloyd et al., 2008) and is represented by a critically-damped linear 

second-order differential system (Milner et al., 1973; Thelen et al., 1994) in a discrete 

form (Lloyd and Besier, 2003): 

𝑢(𝑡) =  𝛼𝑒(𝑡 −  𝑑)– (𝐶1 + 𝐶2)𝑢(𝑡 −  1) – 𝐶1𝐶2𝑢(𝑡 −  2)  (4.2) 

where 𝑒(𝑡) is a muscle excitation at the time t, 𝑢(𝑡) the neural activation, 𝛼 the muscle 

gain, 𝐶1 and 𝐶2 recursive coefficients, and d the electromechanical delay. The relation 

between neural and muscle activation is non-linear, and CEINMS provides two 

different solutions. The first is that of Lloyd and Besier (2003), 

𝑎(𝑡) =  
𝑒𝐴𝑢(𝑡)−1

𝑒𝐴−1
 (4.3) 

where 𝑎(𝑡) is the muscle activation, and 𝐴 is the non-linear shape factor, constrained in 

the interval (-3, 0). The second model is described by Manal and Buchanan (2003) as a 

piecewise function: 
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𝑎(𝑡) =  𝛼𝑎𝑐𝑡 ln(𝛽𝑎𝑐𝑡𝑢(𝑡) + 1) , 0 ≤ 𝑢(𝑡) < 𝑢0 (4.4) 

𝑎(𝑡) = 𝑚𝑢(𝑡) +  𝑐, 𝑢0 ≤ 𝑢(𝑡)  ≤ 1 (4.5) 

For each muscle, 𝛼𝑎𝑐𝑡 , 𝛽𝑎𝑐𝑡, 𝑚, 𝑐 depend only on the shape factor 𝐴, constrained in 

the interval (0, 0.12]. 

4.3.6. Musculotendon dynamics 

MTU kinematics and muscle activation are used as input for a Hill-type muscle model 

with a compliant tendon, which is implemented in CEINMS in accordance with 

(Buchanan et al., 2004; Lloyd and Besier, 2003; Schutte, 1993). Musculotendon 

dynamics can be solved using three computational methods. The first integrates a set of 

ordinary differential equations (ODE) with a Runge-Kutta-Fehlberg algorithm. The 

second uses a Wijngaarden-Dekker-Brent optimisation routine (Brent, 1973) to find the 

root of the equilibrium equation between the force produced by the muscle fibres and 

the tendon. The third considers the tendon as an element of infinite stiffness (Sartori et 

al., 2012b). 

While the stiff tendon has been shown to produce large force errors for increasing ratios 

of optimal fibre length (𝑙0
𝑚) and tendon slack length (𝑙𝑠

𝑡) (Millard et al., 2013), the 

integration of ODEs can be unsuccessful due to high system stiffness when a muscle is 

inactive and muscle damping is small or absent. Also, MTUs with short tendons may 

lead to stiff ODEs that are unstable for explicit integration solvers. The equilibrium 

model is more robust to variations in 𝑙0
𝑚 and 𝑙𝑠

𝑡 and hence more suitable for the 

calibration step, where these two parameters are optimised. 
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4.3.7. Calibration 

CEINMS can be calibrated to experimental data collected from an individual subject 

(Lloyd and Besier, 2003; Sartori et al., 2012a). Initial muscle parameter values for the 

subject are tuned using simulated annealing (Corana et al., 1987), which minimises the 

error between experimental joint moments and those estimated by the EMG-driven 

mode of CEINMS (Figure 4.3). A number of trials, encompassing static and/or dynamic 

tasks (Lloyd and Besier, 2003; Sartori et al., 2012a), are used for calibration.  

The calibration objective function 𝑓𝐶𝑎𝑙 is defined as: 

𝑓𝐶𝑎𝑙 = ∑ ∑ 𝐸𝑡,𝑑
𝑁𝐷𝑂𝐹𝑠
𝑑

𝑁𝑡𝑟𝑖𝑎𝑙𝑠
𝑡  (4.6) 

𝐸𝑡,𝑑 =  
1

𝑁𝑟
∑ (

(𝑀𝑡,𝑑,𝑟̅̅ ̅̅ ̅̅ ̅̅ −𝑀𝑡,𝑑,𝑟)
2

𝑣𝑎𝑟(𝑀𝑡,𝑑̅̅ ̅̅ ̅̅ )
+ 𝑝𝑟)

𝑁𝑟𝑜𝑤𝑠
𝑟  (4.7) 

𝑝𝑟 = ∑ 𝑃(𝑟, 𝑗)
𝑁𝑀𝑇𝑈𝑠
𝑗  (4.8) 

𝑃(𝑟, 𝑗) = {100 (𝑙𝑚𝑟,𝑗
− 1)

2

, 𝑖𝑓 |𝑙𝑚𝑟,𝑗
− 1| > 0.5 

0            , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
  (4.9) 

To reduce length and magnitude differences between trials, we normalise the sum of 

squared differences between predicted (𝑀𝑡,𝑑,𝑟) and experimental (𝑀𝑡,𝑑,𝑟
̅̅ ̅̅ ̅̅ ̅) joint moments 

by trial variance and number of data points (Nrows) for each tth trial. The penalty 

function 𝑃(𝑟, 𝑗) discourages the adoption of non-physiological solutions corresponding 

to values of  𝑙𝑚 outside its operative range (0.5, 1.5).  

Following calibration, the optimised parameters are used to execute CEINMS using a 

novel set of trials as inputs and any of the neural control solution algorithms. 
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4.3.8. Example Application 

To demonstrate CEINMS’s different modes of operation, we collected gait data from 

five healthy subjects (30.6 ± 6.7 years; 77.8 ± 9.9 kg). The study was approved by 

Griffith University Human Research Ethics Committee and participants provided 

written informed consent. Ten walking trials (1.5 ± 0.23 m/s) were collected using a 10-

camera motion-capture system (Vicon, Oxford, UK) and two force plates (Kistler, 

Amherst, NY). Surface EMG (Zerowire, Aurion, Milan, IT) signals were acquired from 

16 muscles from a single leg: gluteus maximus, gluteus medius, tensor fasciae latae, 

rectus femoris, sartorius, vastus lateralis, vastus medialis, adductor group, gracilis, 

medial and lateral hamstring, semimembranosus, gastrocnemius medialis, 

gastrocnemius lateralis, soleus, tibialis anterioris, and peroneus group.  

A generic OpenSim model (gait2392) was scaled to each subject. The hip joint centres 

were calculated using regression equations (Harrington et al., 2007), while markers on 

the femoral condyles and ankle malleoli were used to establish knee and ankle joint 

centres. This was followed by the anthropometric scaling of 𝑙0
𝑚 and 𝑙𝑠

𝑡 parameters using 

method number 9 in (Winby et al., 2008), which were then used as input for the 

calibration step (Figure 4.3). Inverse kinematics, muscle analysis, and inverse dynamics 

tools in OpenSim were used to calculate 3D joint angles, MTU lengths, moment arms, 

and external joint moments of each dynamic trial.  

A total of 34 MTUs and 3 DOFs (hip and knee flexion-extension and ankle plantar-

dorsi flexion (FE)) were analysed in CEINMS. The 16 channels of EMG data were 

mapped to 32 MTUs, as described by Sartori et al. (2012a). CEINMS was configured to 

use the equilibrium elastic tendon for musculotendon dynamics and Equation 4.3 for 

activation dynamics. For each subject, calibration was performed using four walking 

trials, which were not the walking trials used for CEINMS execution. During the 
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calibration, 𝑙𝑚
0  and 𝑙𝑡

𝑠 of each MTU were constrained within ±5% from their initial 

values, while activation dynamics parameters A, 𝐶1, and 𝐶2 were calibrated globally 

(Lloyd and Besier, 2003). The shape factor A was bounded between -3 and 0 and the 

coefficients 𝐶1 and 𝐶2 between -1 and 1. MTUs were divided into 11 groups based on 

being posteriorly or anteriorly located on each lower limb segment. A strength 

coefficient bounded between 0.5 and 2.5 was then assigned to each group (Sartori et al., 

2012a). These coefficients were used to scale peak isometric force of the different 

muscle groups. After calibration, CEINMS was used to predict hip, knee, and ankle FE 

moments using the EMG-driven, EMG-assisted, and static optimisation modes. In the 

EMG-assisted mode, the weighting parameters α, β, and γ (Equation 4.1) were 

calculated through an automatic procedure aimed at finding the lowest tracking errors 

for both muscle excitations and external joint moments (Sartori et al., 2014).  

Root mean square error (RMSE) and coefficient of determination (R
2
) were used to 

compare prediction of external joint moments and muscle excitations between neural 

solutions. 

To examine the effect of different neural control solutions on the muscle co-contraction, 

directed co-contraction ratios (DCCR) of FE moments (Mf and Me respectively) for hip, 

knee, and ankle were calculated as follows (Heiden et al., 2009b): 

𝐷𝐶𝐶𝑅 = {
1 − 𝑀𝑒 𝑀𝑓⁄ , 𝑖𝑓 𝑀𝑓 >  𝑀𝑒

𝑀𝑓 𝑀𝑒 − 1⁄ ,      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  (4.10) 

This ratio provides an indication of relative final mechanical action of muscle co-

contraction between flexors and extensors, where being close to 0 indicates a higher 

level of co-contraction, and 1 or -1 no effective co-contraction but a moment directed to 

flexion or extension respectively.  
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4.4. Results 

The calibration procedure improved the estimation of hip, knee, and ankle FE moments 

for the EMG-driven mode (Figure 4.6). The calibrated EMG-driven mode well 

predicted the knee and ankle FE moments (RMSE 0.18 Nm/kg and 0.24 Nm/kg 

respectively) but underestimated the hip flexion moment in the second half of stance 

phase due to a missing contribution from iliopsoas MTUs (Figure 4.7). These muscles 

were accounted for in the EMG-assisted and the static optimisation modes, which 

matched the experimental joint moments well for all three DOFs (Table 4-1). 

When compared to the static optimisation mode, the EMG-assisted mode consistently 

estimated muscle excitations closer to the experimental excitations (Table 4-2), 

presenting both higher R
2
 and lower RMSE for each muscle. 

Table 4-1 - External joint moment predictions of the uncalibrated EMG-driven, and the 

calibrated EMG-driven, EMG-assisted, and the static-optimisation modes. RMSE 

(Nm/kg) = root mean square error normalised to body mass. R
2
 = coefficient of 

determination. 

  Uncalibrated EMG-driven   EMG-driven 

 
RMSE SD R

2
 SD 

 
RMSE SD R

2
 SD 

  (Nm/kg)       (Nm/kg)     

hip FE 0.56 0.12 0.65 0.13   0.39 0.1 0.84 0.07 

knee FE 0.28 0.08 0.67 0.12 
 

0.18 0.05 0.80 0.11 

ankle FE 0.44 0.19 0.86 0.17   0.24 0.13 0.88 0.14 

          

 

EMG-assisted   Static optimisation 

 

RMSE SD R
2
 SD 

 
RMSE SD R

2
 SD 

 

(Nm/kg)       (Nm/kg)     

hip FE 0.07 0.05 0.99 0.03   0.04 0.04 0.99 0.01 

knee FE 0.09 0.04 0.93 0.07 
 

0.08 0.04 0.95 0.05 

ankle FE 0.10 0.07 0.97 0.04   0.06 0.04 0.99 0.01 

 

When compared to the EMG-driven mode, EMG-assisted and static optimisation 

presented a co-contraction ratio closer to 0 for the loading phase of hip and knee and 
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closer to 1 for the late stance of the hip (Figure 4.8). Conversely, compared to static 

optimisation the EMG-assisted mode predicted co-contraction ratios closer to 0 during 

early, mid, and late stance for the hip, knee, and ankle (Figure 4.8). 

Table 4-2 - Comparison between experimental muscle excitations and muscle 

excitations estimated using the EMG-assisted and static-optimisation modes. RMSE = 

root mean square error. R
2
 = coefficient of determination. 

  EMG-assisted   Static optimisation 

  R
2
 SD RMSE SD   R

2
 SD RMSE SD 

Adductor magnus  0.36 0.34 0.061 0.047 
 

0.11 0.15 0.104 0.063 

Bicep femoris long 

head  
0.64 0.23 0.079 0.044 

 
0.42 0.19 0.127 0.068 

Gluteus maximus 0.41 0.33 0.083 0.054 
 

0.19 0.14 0.111 0.038 

Gluteus medius  0.61 0.33 0.035 0.039 
 

0.06 0.07 0.068 0.029 

Gracilis  0.62 0.31 0.033 0.031 
 

0.13 0.13 0.091 0.035 

Gastrocnemius 

lateralis 
0.88 0.15 0.040 0.039 

 
0.49 0.26 0.136 0.071 

Gastrocnemius 

medialis 
0.79 0.20 0.060 0.039 

 
0.58 0.24 0.120 0.055 

Peroneus longus 0.89 0.18 0.022 0.019 
 

0.31 0.23 0.108 0.043 

Rectus femoris 0.15 0.26 0.032 0.014 
 

0.04 0.07 0.048 0.015 

Sartorius 0.75 0.32 0.014 0.014 
 

0.02 0.03 0.069 0.064 

Semimembranosus 0.43 0.32 0.089 0.047 
 

0.23 0.16 0.145 0.045 

Soleus 0.60 0.30 0.079 0.041 
 

0.59 0.26 0.097 0.038 

Tensor fasciae latae  0.64 0.29 0.013 0.012 
 

0.05 0.05 0.046 0.018 

Tibialis anterioris  0.62 0.21 0.092 0.048 
 

0.37 0.22 0.128 0.052 

Vastus lateralis  0.60 0.22 0.036 0.018 
 

0.44 0.18 0.060 0.026 

Vastus medialis  0.60 0.29 0.026 0.018   0.41 0.20 0.046 0.027 

4.5. Discussion 

We created and released CEINMS, an OpenSim toolbox to explore the effect of 

different neural control solution algorithms using consistent musculoskeletal geometry. 

Although software for EMG-driven modelling have been released in the past 

(Menegaldo et al., 2014), CEINMS is the first that can be configured to work with any 
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number of MTUs and DOFs. CEINMS comprises a calibration procedure, includes 

state-of-the-art EMG-informed algorithms, and can be used with dynamic tasks. 

 

Figure 4.6 - External joint moments from OpenSim inverse dynamics (green), calibrated 

EMG-driven (black), and uncalibrated EMG-driven (blue). The curves represent the 

ensemble average (shaded area 1 SD) of 30 walking trials from 5 different individuals. 

These results were from trials different to those used to calibrate CEINMS.  

In line with previous studies (Gerus et al., 2013; Lloyd and Besier, 2003; Sartori et al., 

2012a), calibration of CEINMS improved joint moment estimations for the knee and 

ankle (Figure 4.6 and Table 4-1). While not employed in the current study, some muscle 

parameters can be measured using medical imaging. CEINMS allows the user to define 

the MTU and associated parameters included in the calibration, facilitating concurrent 
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use of measured and calibrated parameters. The use of measured parameters and 

inclusion of additional criteria in the calibration function (Equations 4.6 – 4.9), such as 

the minimisation of joint contact loads (Gerus et al., 2013), is expected to improve 

muscle force predictions. 

Similar to the findings of  Sartori and colleagues (Sartori et al., 2014; Sartori et al., 

2012a) the calibrated EMG-driven mode poorly estimated the hip flexion moment 

(Figure 4.7) due to the lack of experimental EMG data for the iliacus and psoas MTUs, 

which only contributed passively to the hip moment. Conversely, EMG-assisted mode 

predictions of joint moments were consistent with the experimental data (Table 4-1 and 

Table 4-2).  

It could be argued that our implementation of static optimisation does not perfectly 

track the external joint moments from inverse dynamics (Table 4-1). This observation is 

attributable to the inclusion of the activation dynamics in the optimisation loop, making 

muscle activation depend on past values of neural excitation (Equation 4.2), therefore 

limiting the MTU force solution space. However, our implementation enables the direct 

comparison of estimated and experimental muscle excitations (Table 4-2), which would 

not possible otherwise. 
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Figure 4.7 - Comparisons between experimental joint moments from OpenSim inverse 

dynamics (solid green) and joint moments predicted by EMG-driven (solid black), 

EMG-assisted (dash-point), and static optimisation (dashed) modes for hip, knee and 

ankle flexion extension during stance phase. 
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Figure 4.8 - Effective mechanical co-contraction ratios between flexion and extension 

muscle moments at the hip, knee, and ankle of 30 walking trials from 5 different 

individuals. Zero represents maximum co-contraction, and 1 or -1 minimum co-

contraction. On the left data is presented as mean time series for EMG-driven (solid), 

EMG-assisted (dash-point), and static optimisation (dashed) modes.  On the right mean 

(1 SD) on co-contraction ratios of the muscle moments for each stage of stance, for 

EMG-driven (white), EMG-assisted (crosshatch), and static optimisation (grey). 

Loading first 15% of stance, early stance from 15% to 40%of stance, mid stance from 

40% to 60% of stance, late stance from 60% to 100% of stance. 

To describe CEINMS and its possible applications, we used consistent musculoskeletal 

geometry to perform an example study that compared effective mechanical co-

contraction for EMG-informed and static optimisation modes. Even during walking in 

normal healthy individuals, the mechanical effect of co-contraction was clearly different 
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between EMG-informed methods and pure static optimisation (Figure 4.8). While co-

contraction ratios estimated by the EMG-driven mode cannot be considered reliable for 

the hip joint, EMG-assisted and EMG-driven modes predicted similar co-contractions 

for knee and ankle. Also, the EMG-assisted mode consistently predicted higher co-

contractions for the three DOFs when compared to static optimisation. Furthermore, we 

expect to observe greater differences in co-contraction during different tasks (e.g. 

running, sidestepping) or patient populations (e.g. osteoarthritis, anterior cruciate 

ligament reconstruction) that need to employ greater levels of joint stabilisation than 

during healthy walking (Bryant et al., 2008; Colby et al., 2000; Heiden et al., 2009b; 

Neptune et al., 1999; Schmitt and Rudolph, 2007). However, such evaluation goes 

beyond the scope of the paper and should be investigated in further studies. 

Future users of CEINMS may benefit from the following guidance. The quality of 

EMGs affects the EMG-informed solutions, therefore it is recommended following best-

practice procedures for EMG collection, as per the SENIAM guidelines (Hermens et al., 

2000). Since CEINMS uses amplitude-normalised EMG it is recommended normalizing 

to maximum EMGs recorded from a variety of maximum exertion isometric and 

dynamic tasks. Selecting which muscles to record EMG from depends on the 

application. It is suggested choosing muscles with the largest cross-sectional areas as 

these have the greatest mechanical effect on the joint contact forces and motion. 

Furthermore, when recording EMGs from a limited number of muscles, it is important 

to select at least one muscle from each neuro-anatomical group of interest to enable 

mapping of the other muscle excitations (Lloyd and Besier, 2003; Sartori et al., 2012a). 

Additionally, when using the EMG-assisted mode it is recommended to record EMG 

from the gracilis, sartorius, vastus medialis, gastrocnemius medialis, and peroneus 

group as Sartori et al. (2014) showed that these muscles were poorly predicted. Finally, 

selection of which EMG-informed mode to use depends on the application and EMG 
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availability. The EMG-assisted mode potentially compensates for the inability to access 

deep muscles, as well as cross-talk and noisy EMGs, (Sartori et al., 2014), making it 

appropriate for hip joint investigations. Alternatively, the multiple-DOF EMG-driven 

mode (Sartori et al., 2012a) is adequate for investigating knee and ankle joints, where 

most EMGs are easily recorded. Finally, EMG-informed modes should be preferred 

over static optimisation, as EMG-informed methods will reflect an individual’s neural 

solution to generate movement, and better predict knee joint contact forces, particularly 

in the lateral tibiofemoral joint, measured using instrumented prostheses (Fregly et al., 

2012a; Gerus et al., 2013; Walter et al., 2014; Winby et al., 2009). 

When using CEINMS a number of factors must be considered. The neural mapping 

(Lloyd and Besier, 2003; Sartori et al., 2012a) is a simplification of muscle recruitment 

strategies and may result in suboptimal model calibration and inaccurate force 

predictions. This is exemplified by larger discrepancies in measured and predicted 

excitations in the muscles surrounding the hip compared to the knee and ankle (Table 

4-2). This may be caused by the iliacus and psoas excitations not being included in the 

calibration, resulting in the other hip muscles’ parameters being less-than ideally 

calibrated in their absence. Thus, the prediction of hip muscles excitations using EMG-

assisted mode may have contained some errors. Possible solutions include multiple 

iteration between calibration and prediction of excitations (Walter et al., 2014) or the 

simultaneous calibration of muscle parameters and prediction of excitations, for all trails 

from an individual, using dynamic optimisation. However, further research is required 

to develop these processes.  

In line with previous research (Barrett et al., 2007; Gerus et al., 2013) we performed 

both model calibration and execution using the same task. Other investigations (Shao et 

al., 2011; Winby et al., 2013; Winby et al., 2009) used a range of additional tasks for 
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calibration, which improved prediction of walking, while Lloyd and Besier (2003) also 

predicted tasks not included in the calibration. Nevertheless, a systematic investigation 

is needed on how to best calibrate in regard to types of trials, which muscles to record 

EMG from, neural mapping, and how to attain true maximum excitations in some 

populations. This is a large undertaking and beyond the scope of the current study and a 

much needed area of future research. Finally, we used CEINMS in combination with 

MOtoNMS, an easy-to-use self-contained software package written in MATLAB. 

While MOtoNMS simplifies data pre-processing, it is not essential for the use of 

CEINMS and researchers may perform data pre-processing using freely available 

alternatives to MATLAB, such as Octave (http://www.gnu.org/software/octave) and 

Scilab (http://www.scilab.org). 

4.6. Conclusion 

This study describes the new CEINMS toolbox and how it can be configured to obtain 

different neural control solutions for the same NMS model and motion data. While the 

current research only provides a little insight into how the different neural control 

solutions estimate MTU forces and muscle excitations, CEINMS enables investigators 

to further explore these differences with their own datasets. Although each EMG-

informed algorithm has been described and validated previously (Barrett et al., 2007; 

Gerus et al., 2013; Lloyd and Besier, 2003; Manal and Buchanan, 2013; Sartori et al., 

2014; Sartori et al., 2013; Sartori et al., 2012a; Shao et al., 2011; Winby et al., 2013; 

Winby et al., 2009), direct comparisons between all these different neural control 

solutions have not been possible before. The availability of CEINMS source code will 

enable the larger biomechanics community to explore, extend, and improve the methods 

of calibration and the neural control solutions currently implemented. It is our hope that 

CEINMS will facilitate and promote the comparison of different neural solutions 

http://www.scilab.org/
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deriving physiologically relevant data, such as MTU forces, joint contact forces, and 

muscle co-contraction, across different research groups and projects, allowing more 

comprehensive insight in biomechanics of health and pathology. 
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5.1. Abstract 

Real-time estimation of joint angles and moments can be used for rapid evaluation in 

clinical, sport, and rehabilitation contexts. However, real-time calculation of kinematics 

and kinetics is currently based on approximate solutions or generic anatomical models. 

We present a real-time system based on OpenSim solving inverse kinematics and 

dynamics without simplifications at 2000 frame per seconds with less than 31.5ms of 

delay. We describe the software architecture, sensitivity analyses to minimise delays 

and errors, and compare offline and real-time results. This system has the potential to 

strongly impact current rehabilitation practices enabling the use of personalised 

musculoskeletal models in real-time. 
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5.2. Introduction 

Real-time estimates of three-dimensional (3D) joint angles and moments have the 

potential to enable rapid patient evaluation, interactive patient treatment, and 

biofeedback for rehabilitation. A system is defined as real-time if it can provide 

information with a delay of less than 75 ms, after which the information loses its 

usefulness (Kannape and Blanke, 2013). Specifically, applications for real-time 

augmented sensory feedback have to reduce the perceived mismatch between the 

sensorimotor and augmented information. 

Recently, researchers have used real-time computation of joint angles and moments as 

biofeedback variables for gait retraining (Barrios et al., 2010; Shull et al., 2011; Shull et 

al., 2013b; van den Noort et al., 2015; Wheeler et al., 2011). Real-time biofeedback 

variables included knee adduction moment (Wheeler et al., 2011), hip internal rotation 

(Barrios et al., 2010), and trunk sway (Huffman et al., 2010). However, the 

computational complexity required to calculate these variables in real-time resulted in 

the adoption of simplified algorithms and models. For instance, real-time applications 

commonly use direct kinematics, i.e., estimation of joint angles assuming markers are 

rigidly attached to segments, instead of inverse kinematics that globally optimise 

models' generalised coordinates to minimise marker tracking errors. While 

computationally inexpensive, the direct kinematics may produce less accurate joint 

angles estimates, introducing joint dislocations and/or changes in segment lengths (Lu 

and O'Connor, 1999). Computation of joint moments is also simplified at times. For 

instance, Wheeler et al. (2011) solved the knee adduction joint moment using the cross-

product of position and ground reaction force vectors, which is a not always an 

acceptable simplification (Winter, 2005a). 
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Van den Bogert et al. (2013) created a real-time system able to calculate joint angles, 

joint moment and muscle forces using inverse kinematics, inverse dynamics, and static 

optimisation respectively. Their system used an underlying musculoskeletal model, 

which defined bone lengths, joints, inertial parameters, and tendon attachments. 

However, the implemented musculoskeletal model is generic and cannot be 

personalised to reflect subject-specific anatomy (van den Bogert et al., 2013). 

Importantly, the creation of subject-specific musculoskeletal models is of major interest 

for future applications in rehabilitative medicine (Fregly et al., 2012b). This interest is 

corroborated by recent studies on people walking with instrumented tibial implants 

where the use of a subject-specific musculoskeletal model improved the accuracy of 

medial tibiofemoral contact force predictions (Gerus et al., 2013; Marra et al., 2015).  

OpenSim (Delp et al., 2007) is a popular open-source software to analyse human motion 

based on the multibody dynamics engine Simbody (Sherman et al., 2011), which 

provides tools to solve inverse kinematics and inverse dynamics. Importantly, OpenSim 

is a generic simulation platform that can use musculoskeletal models from 

individualised bone geometries, joint parameters, and musculotendon paths built from 

medical images. These models can be generated using freely available tools such as 

NMSBuilder (Martelli et al., 2011; Valente et al., 2014). Finally, OpenSim can be used 

in conjunction with electromyogram-informed neuromusculoskeletal models (Pizzolato 

et al., 2015), which permit the estimation of muscle forces and joint contact forces from 

subject-specific muscle activation patterns. However, OpenSim is not enabled for real-

time use, nor it can interface with any device or motion capture system. Commercial 

alternatives to OpenSim are available but they are also limited by different factors. 

Anybody (AnyBody Technology, Aalborg, Denmark) permits high levels of model 

personalisation, but does not operate in real-time. Visual 3D (C-Motion, Germantown, 

MD, USA) can be interfaced with different motion capture systems, including Qualisys 
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(Gothenburg, Sweden) and Vicon (Oxford, UK), but only direct kinematics can 

currently be used in real-time to solve joint angles. Finally, Motek Medical 

(Amsterdam, Netherlands) implements the aforementioned methodology published by 

van den Bogert et al. (2013). Consequently, it is desirable to enable real-time use of the 

advanced features of OpenSim without simplifications or loss of accuracy.  

The aim of this study was to (1) interface OpenSim with a Vicon motion capture 

system, (2) develop and freely release a software architecture to enable the use of 

OpenSim inverse kinematics and inverse dynamics in real-time, and (3) test the 

performance of the real-time system in terms of computational time, accuracy, and 

delay.  

5.3. Methods 

5.3.1. Real-time software implementation 

We developed and freely released (Apache License, version 2) a software architecture 

in C++ that allows reading and processing motion capture data in real-time (Figure 5.1). 

This required the creation of a concurrent system where multiple threads process 

information on different processor cores. Each thread has a specific task in the 

processing pipeline and works asynchronously from other threads. Consequently, 

different steps of the processing pipeline operate in parallel. Threads access data via 

shared memory buffers. To preserve data integrity and avoid multiple threads to write 

on the same memory location at once, access to memory buffers is regulated following a 

publisher-subscriber software design pattern (Buschmann et al., 2007). Finally, 

OpenSim inverse kinematics and inverse dynamics algorithms were adapted to the 

software architecture and revised in order to read from memory buffers instead of 

accessing pre-recorded data saved into files. The software described and analysed in this 
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paper, including the code necessary to enable the real-time use of OpenSim, is made 

available online (https://simtk.org/projects/rtosim and 

https://github.com/RealTimeBiomechanics/rtosim).  

 

Figure 5.1 - Schematic representation of the real-time pipeline reading data from Vicon 

Nexus. White background corresponds to operation threads and grey background to 

buffers. ‘Inverse kinematics’ and ‘Inverse dynamics’ blocks are further expanded in 

Figures 2 and 3. The ‘Input block’ can be substituted to adapt the pipeline to a different 

motion capture system, independently from the ‘Core Processing’ block. In the same 

way, the ‘Output’ block, currently a visualisation thread, can implement auditory or 

haptic feedback as well.  

Vicon Nexus tracks, reconstructs, and automatically labels marker trajectories from 

Vicon cameras. It then synchronises marker trajectories with the ground reaction forces 

(GRFs) data measured from the available force plates and streams all data via TCP/IP. 

The Vicon Nexus interface thread (Figure 5.1) reads the data via the Vicon DataStream 

SDK and transform them into the OpenSim coordinate reference system. Marker 

trajectories are input for the inverse kinematics to calculate joint angles, which, together 

with GRFs, are used by the inverse dynamics analysis to compute joint moments. 

Finally, results are displayed in a Graphical User Interface (GUI), which is connected 

via TCP/IP to the Visualisation thread (Figure 5.1). 
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Figure 5.2 – Real-time implementation of inverse kinematics (IK). Each ‘IK solver 

thread’ reads and solves a different frame, which is read from the ’Raw marker 

trajectories’ buffer. Results are then stored in the ‘Unsorted joint angles’ buffer. The 

‘Sequencer thread’ puts in the correct temporal order the ‘Unsorted joint angles’ using 

the time stamps stored in the ‘Times stamps’ buffer. 

A generic OpenSim model represents the musculoskeletal system (bone, joints and 

muscles) that can be personalised to a specific individual by adjusting the models’ 

segments sizes to an individual’s anthropometry. Virtual markers are rigidly attached to 

different segments of the model. Inverse kinematics solves a weighted least square 

problem to minimises distance between virtual (𝒙𝑖) and experimental (𝒙�̅�) markers 

positions in each recorded frame (Lu and O'Connor, 1999): 

min𝒒(∑ 𝑤𝑖‖𝒙�̅� − 𝒙𝑖(𝒒)‖2𝑁
𝑖 ) (5.1) 

Where 𝒒 represents the vector of the model’s generalised coordinates and 𝑤𝑖 the weight 

associated to the ith marker. 

Real-time inverse kinematics must be able to process marker trajectories at least at the 

same frequency of the cameras. To this end, taking advantage of modern CPUs’ 

multicore architecture, we implemented a thread pool software pattern (Garg et al., 

2002), where multiple inverse kinematics calculation threads concurrently solve a 
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separate frame of marker data in a staggered fashion (Figure 5.2), independent of each 

other. They read the first available marker trajectories frame, compute the joint angles, 

and store them in a memory buffer. Then, a Sequencer thread time orders joint angle 

frames and stores them in the Raw joint angles memory buffer. A state-space filter 

implementation of a 2
nd

 order low pass Butterworth filter (van den Bogert et al., 2013) 

is used to filter both GRF and raw joint angles (Figure 5.3). The same filter also 

performs single and double differentiation of the filtered variable to calculate joint 

velocities and accelerations, which are subsequently required to solve the Inverse 

Dynamics Solver thread (Figure 5.3). 

The inverse dynamics analysis implemented in the Inverse Dynamics Solver thread 

(Figure 5.3) solves the dynamic equation of motion: 

𝑀(𝒒)�̈� + 𝐶(𝒒, �̇�) + 𝐺(𝒒) =  𝝉  (5.2) 

where 𝒒, �̇�, �̈� are the position, velocity, and acceleration of the generalised coordinates. 

𝑀, 𝐶, 𝐺 are the mass, centrifugal and Coriolis, and gravitational forces matrices, 

respectively, whereas 𝝉 is the vector of unknown generalised forces. From now on, we 

will refer to generalised coordinates as joint angles, and to generalised forces as joint 

moments. 

The real-time inverse kinematics and inverse dynamics are solved by calls to 

OpenSim’s respective APIs OpenSim::InverseKinematicsSolver and 

OpenSim::InverseDynamicsSolver and used within the IK Solver thread (Figure 5.2) 

and the ID Solver thread (Figure 5.3), respectively. Within the real-time code, the 

methods to read input data, such as marker trajectories and ground reaction forces, have 

also been modified to operate on single time frames available in the memory buffers. 

The reader is referred to full implementation details in the source code on GitHub 
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(https://github.com/RealTimeBiomechanics/rtosim in directories lib/InverseKinematics/ 

and lib/InverseDynamics/). 

 

Figure 5.3 - Real-time implementation of inverse dynamics.  

5.3.2. Data collection  

Motion data were recorded using a 12-cameras Vicon motion capture system (Oxford, 

UK) with an acquisition frequency of 200Hz. A split belt treadmill (Bertec Corporation, 

Columbus, OH, USA) was used to collect ground reaction force data at 1000Hz. The 

Griffith University Human Research Ethics committee approved the study and one male 

subject (age: 29, weight: 73kg, height: 1.77m) gave his informed written consent to 

participate. The subject performed a static trial for calibration purposes, followed by 

treadmill familiarisation, and then walking (1m/s), fast walking (1.5m/s), and running 

(2.5m/s) for 60 seconds (12000 frames) each, corresponding to 53, 61, and 84 gait 

cycles respectively. 48 markers were used in the acquisition (see supplementary 

materials Table 5-4). Collected data were used to create two different datasets: clean 

and raw. The clean dataset was created for the offline data processing and was prepared 

by manually cleaning, labelling, gap-filling, and saving the marker trajectories and GRF 

data in OpenSim file format (Mantoan et al., 2015). The raw dataset included only the 

raw binary data from the cameras and the treadmill (.x1d and .x2d Vicon file format). 

The raw dataset contained the data directly streamed from Vicon with marker errors and 
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dropout and was used in conjunction with Vicon Virtual System software to recreate the 

same real-time conditions in the laboratory, including marker reconstruction and 

autolabelling steps. Both datasets were not filtered. 

5.3.3. Data analysis 

Three different analyses were performed in order to compare the differences between 

offline and real-time processed data. The first analysis was a speed test. We explored 

the effect of different OpenSim models, marker-sets, tasks, and number of threads on 

the real-time throughput, measured in frames per seconds (fps). Two different OpenSim 

models were scaled to the subject’s anthropometric dimensions. The first was the 

gait2392 model (Delp et al., 1990), a model provided with the OpenSim distribution. 

The second was a modification of the former model including constraints to enable the 

movement of patella and calculate compartmental knee contact forces (Lerner et al., 

2015). The two models were chosen because of the different number of kinematic 

constraints included, in order to evaluate the effects of model complexity on the real-

time performance. For both models we created three different virtual marker-sets, with 

48, 32, and 14 markers respectively (see supplementary materials Table 5-4). We 

performed the test using the clean dataset. A number of inverse kinematics solver 

threads (Figure 5.2), increasing from 1 to 20, calculated joint angles for each 

combination of models, marker-sets, and tasks. Only a single thread was used to solve 

the inverse dynamics (Figure 5.3). The mean throughput of the real-time pipeline was 

reported for each combination. 

The second and third analyses used the scaled gait2392 model, the set of 32 markers. 

Joint angles and moments of hip flexion-extension, hip internal rotation, hip adduction-

abduction, knee flexion-extension, and ankle plantar-dorsiflexion were calculated via 

the offline and the real-time pipelines. The offline pipeline used OpenSim inverse 
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kinematics and inverse dynamics tools, and a 2
nd

 order Butterworth zero-lag filter at 

6Hz to filter marker trajectories, joint angles, and GRFs (Winter et al., 1974) from the 

clean dataset. The real-time pipeline utilised the raw dataset.  

The second analysis determined the optimal cut-off frequency for the filter used in the 

real-time pipeline (Figure 5.1). The real-time data were processed using cut-off 

frequencies from 1 Hz to 80 Hz with a step of 1 Hz. The real-time’s single pass low 

pass filtering introduced time delays that were determined for each cut-off frequency 

using cross-correlation between the real-time and offline joint moments for each task. 

Joint moments were analysed since they reflect delays and errors in both joint angles 

and force plate data. To assess the similarity of joint moments calculated by the offline 

and real-time pipelines, the estimated time delays were used to create another data set of 

time-aligned-real-time joint moments, wherein the real-time joint moments were time-

shifted according to the delay. Offline, real-time, and time-aligned-real-time joint 

moments were then divided in single gait cycles. Root mean square errors (RMSE) were 

calculated between offline and real-time joint moments to reflect the errors introduced 

by the time delay, as well as between the offline and time-aligned-real-time joint 

moments to reflect the error in time-varying joint moment magnitude. For each task, 

RMSE and time-aligned-RMSE were calculated for all joint moments and gait cycles 

and subsequently averaged to show differences in joint moments at each filtering 

frequency. This resulted in two curves, whose minima indicate the lower and upper 

boundaries for the selection of the real-time filter cut-off frequency. 

The third analysis compared joint angles and moments calculated offline and in real-

time, using the upper boundary filter cut-off frequency determined by the second 

analysis, which minimised both delay and RMSE. Initially, filtered joint angles and 

joint moments were calculated for all the gait cycles using both the offline and real-time 



Chapter 5 

 

116 

 

pipelines. Mean and standard deviation were calculated across gait cycles for each 

filtered joint angle and joint moment to provide representative curves for each task. 

Real-time delay of filtered joint angles and joint moments relative to the offline 

processing were determined using the method described above. Delays determined from 

the cross-correlation analysis were used to create time-aligned-real-time filtered joint 

angles and joint moments, also as already outlined. Time-aligned-RMSE of filtered joint 

angles and joint moments were determined for each gait cycle, with mean and standard 

deviation subsequently calculated.  

The real-time data processing was executed on a Dell Precision Workstation T7500, 

with 2 Intel® Xeon® Processors X5660 (12MB Cache, 2.80 GHz, 6 cores per 

processor), 8GB of RAM, and Linux (kernel 4.2.0-18). Inverse kinematics computations 

were performed with an accuracy of 1x10
-5

, the default value in OpenSim. OpenSim 

3.3, Simbody 3.5.1, Vicon Nexus 2.2, Vicon Virtual System 1.3.2, and Vicon 

DataSetream SDK 1.5 were used. Overall computation time, including real-time marker 

reconstruction and labelling, streaming of data via TCP/IP, inverse kinematics, inverse 

dynamics, and filtering, was also measured via software using the POSIX timer 

functions. 
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Figure 5.4 – Mean throughput of the real-time system for increasing number of ‘IK 

solver threads’ (Figure C) and different combinations of trials, marker-set, and models. 

12000 frames of walking (blue), fast walking (green), running (red), and three different 

marker-sets with 14 (▲), 32 (▼), and 48 (●) markers respectively were evaluated. Two 

different models (row 1: Delp et al. (1990), row 2: Lerner et al. (2015)) including 

different constraints were used. 

5.4. Results 

The first analysis (Figure 5.4) showed that the real-time throughput was marginally 

dependent on the task, but not on the marker-set. Use of multiple threads resulted in a 

linear increase of the mean throughput for up to 12 threads, which corresponded to 

number processor cores, with no benefit from adding further threads. Using the 

gait2392 model resulted in throughput from a minimum of 250 fps with a single thread 

to approximately 2000 fps using 12 threads. Using the gait2392 modified by Lerner et 
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al. (2015) resulted in mean throughput from 6 fps with a single thread to 50 fps with 12 

threads. 

The second analysis showed that real-time filter cut-off frequencies affected both 

RMSE’s and time delays between offline and real-time calculated joint moments 

(Figure 5.5). For walking the real-time filter cut-off frequency boundaries were 15 Hz 

and 34 Hz, corresponding to a time-aligned-RMSE of 2.92 Nm and 4.07 Nm (points B 

and C) with time delays of 28.8 ms and 12.6 ms respectively (points D and E). Fast 

walking resulted in similar cut-off frequency values, 11 Hz and 34 Hz, but time-aligned-

RMSE of 7.96 Nm and 9.44 Nm, with 41.4 ms and 16.2 ms time delays. Finally, the 

cut-off frequency boundaries for running resulted in 22 Hz and 54 Hz, time-aligned-

RMSE values of 8.99 Nm and 11.19 Nm, and 22.7 ms and 11.3 ms time delays. 

Table 5-1 – Time delays introduced by the real-time filtering. Filter cut-off frequency of 

34 Hz was used for walking and fast walking tasks, and a cut-off frequency of 54 Hz 

was used for running. A cross-correlation analysis was used to compare offline and real-

time data and calculate the delays. 

 

Degree of 

Freedom 

Walking  Fast Walking  Running 

Angles 

delay 

Moments 

delay 

 Angles 

delay 

Moments 

delay 

 Angles 

delay 

Moments 

delay 

ms ms  ms ms  ms ms 

Hip Flexion 3.5 19.5  11.5 20.5  8.0 18.0 

Hip Adduction 10.0 11.0  15.0 12.5  9.5 11.5 

Hip Internal 

Rotation 7.5 9.0 

 

14.0 15.5 

 

11.0 10.5 

Knee Flexion 9.0 13.0  14.5 18.0  9.5 10.5 

Ankle  9.5 10.5  14.5 14.5  10.5 6.0 

Average 7.9 12.6  13.9 16.2  9.7 11.3 
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Figure 5.5 – Mean RMSE (red), time-aligned-RMSE (green) and time delays (blue) 

between joint moments calculated offline (low pass filtered at 6 Hz) and in real-time as 

a function of the real-time cut-off frequency for 60 consecutive seconds of walking, fast 

walking, and running divided in single gait cycles. The points A and B represent the 

global minima of the two RMSE curves, D and E the respective time delays and C is the 

projection of the point A 

 

Figure 5.6 – Comparison between joint angles and moments computed offline (solid 

red) and in real-time (dashed blue) for gait cycles from 60 seconds of walking at 1 m/s 

(53 gait cycles). A cut-off frequency of 6 Hz and 34 Hz were used for the offline and 

real-time computation respectively. Shaded area represents 1SD. 
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Figure 5.7 – Comparison between joint angles and moments computed offline (solid 

red) and in real-time (dashed blue) for gait cycles from 60 seconds of fast walking at 1.5 

m/s (61 gait cycles). A cut-off frequency of 6 Hz and 34 Hz were used for the offline 

and real-time computation respectively. Shaded area represents 1SD. 

 

Figure 5.8 – Comparison between joint angles and moments computed offline (solid 

red) and in real-time (dashed blue) for gait cycles from 60 seconds of running 2.5 m/s 

(84 gait cycles). A cut-off frequency of 6 Hz and 54 Hz were used for the offline and 

real-time computation respectively. Shaded area represents 1SD. 

The third analysis showed that time delays ranged between 3.5 ms for hip flexion angle 

during walking and 20.5 ms for hip flexion moment during fast walking (Table 5-1). On 

average, joint angles time-aligned-RMSE varied from a minimum of 0.61 (0.37) deg for 

fast walking to a maximum of 1.04 (0.33) deg for running (Table 5-2). Joint moment 

time-aligned-RMSE varied from a minimum of 4.07 (2.19) Nm for walking to a 
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maximum of 11.19 (6.16) Nm for running (Table 5-2). Figure 5.6, Figure 5.7, and 

Figure 5.8 show the average offline and real-time joint angles and moments for each 

task. 

Using the unconstrained gait2392 model, 32-markers marker-set, and 8 threads of 

inverse kinematics, the overall computation time to process a single data frame was less 

than 11 ms (While joint moments and joint angles calculated in real-time and offline 

have limited differences (Table 5-2), these are still present even when they are time-

aligned for maximum cross-correlation and when using the same cut-off frequency 

(Figure 5.5). Joint moments are calculated from filtered values of GRFs, centre of 

pressure, and joint angles. The filtering causes time delays that affect each of these 

signals’ frequency components differently, causing alteration in both time (Table 5-1) 

and magnitude (Table 5-2). These alterations of individual signals are combined in the 

inverse dynamics calculations, so resulting in larger distortions of the computed joint 

moments. This also explains the larger time delays observed for the joint moments 

when compared to the filtered joint angles (Table 5-1). Moreover, since the delay 

introduced by the real-time filtering is higher for frequency components closer to the 

cut-off frequency (Manal and Rose, 2007), the effects of the delay on the joint moment 

error is less evident when increasing the cut-off frequency (Figure 5.5). Conversely, 

higher cut-off frequencies result in noisy joint moments. A partial workaround would be 

applying forces and moments experienced by the force plates directly to the foot 

segment of the model, so avoiding the need to filter the centre of pressure, eliminating a 

possible source of error. However, this option was not available, since the raw data from 

the force plates were not accessible in real-time using the current version of Vicon 

DataStream SDK. Furthermore, mismatches in the filter cut-off frequencies used for 

kinematic and kinetic data introduce moments with artefacts (Kristianslund et al., 2012). 
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The use of constraints in the modified gait2392 (Lerner et al., 2015) model increased the 

solution times of approximately 40 times, resulting in a throughput of 50 fps when using 

12 threads for inverse kinematics calculations (Figure 5.4). Constraints are used in 

multibody models to remove degrees of freedom and to define further relationships 

between coordinates. For example, Lerner et al. (2015) used weld constraints to create a 

closed-loop mechanism at the knee and enable the computation of the medial and lateral 

tibio-femoral contact forces. Also, the patella was constrained to move as a function of 

the knee flexion-extension angle using a coordinate coupler constraint. While the use of 

constraints is required to build a closed loop mechanism or implement a desired joint 

kinematics, it also increases the complexity of the model and the time required to solve 

the inverse kinematics problem (Sherman, 2014), discouraging their use in real-time 

applications. However, OpenSim provides an alternative approach to manage model 

constraints by solving a simplified model where constraint violations are permitted but 

with added penalisation in Equation 5.2. This approach results in the same 

computational complexity of an unconstrained system, but the accuracy of the resulting 

kinematics must be evaluated for each model to ensure the correctness of the results. 

). With the addition of the filtering time delay, the total delay was less than 31.5 ms. 

5.5. Discussion 

We developed a software system that connects to a Vicon motion capture system and 

computes in real-time inverse kinematics and inverse dynamics using OpenSim without 

simplifications. We achieved a throughput up to 2000 fps for the gait2392 model, which 

is commonly used for gait analysis in OpenSim, and we described how to best select the 

cut-off frequency of the real-time filter to reduce the filter delay while minimising the 
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error. Finally, when directly comparing results, offline and real-time pipelines showed 

close similarity between joint angles and moments. 

Using more than 12 inverse kinematics threads did not result in any throughput 

improvement (Figure 5.4). This was due to hardware limitations and corresponded to all 

the 12 processing cores being used at 100% of their computational capacity. 

Nonetheless, the number of beneficial inverse kinematics threads is expected to increase 

when using a larger number of processing cores. Importantly, the single-threaded 

inverse dynamics solver did not present a computational bottleneck: the average 

computation time for the inverse dynamics varied from 0.347 ms for walking to 0.356 

ms for running (While joint moments and joint angles calculated in real-time and offline 

have limited differences (Table 5-2), these are still present even when they are time-

aligned for maximum cross-correlation and when using the same cut-off frequency 

(Figure 5.5). Joint moments are calculated from filtered values of GRFs, centre of 

pressure, and joint angles. The filtering causes time delays that affect each of these 

signals’ frequency components differently, causing alteration in both time (Table 5-1) 

and magnitude (Table 5-2). These alterations of individual signals are combined in the 

inverse dynamics calculations, so resulting in larger distortions of the computed joint 

moments. This also explains the larger time delays observed for the joint moments 

when compared to the filtered joint angles (Table 5-1). Moreover, since the delay 

introduced by the real-time filtering is higher for frequency components closer to the 

cut-off frequency (Manal and Rose, 2007), the effects of the delay on the joint moment 

error is less evident when increasing the cut-off frequency (Figure 5.5). Conversely, 

higher cut-off frequencies result in noisy joint moments. A partial workaround would be 

applying forces and moments experienced by the force plates directly to the foot 

segment of the model, so avoiding the need to filter the centre of pressure, eliminating a 

possible source of error. However, this option was not available, since the raw data from 
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the force plates were not accessible in real-time using the current version of Vicon 

DataStream SDK. Furthermore, mismatches in the filter cut-off frequencies used for 

kinematic and kinetic data introduce moments with artefacts (Kristianslund et al., 2012). 

The use of constraints in the modified gait2392 (Lerner et al., 2015) model increased the 

solution times of approximately 40 times, resulting in a throughput of 50 fps when using 

12 threads for inverse kinematics calculations (Figure 5.4). Constraints are used in 

multibody models to remove degrees of freedom and to define further relationships 

between coordinates. For example, Lerner et al. (2015) used weld constraints to create a 

closed-loop mechanism at the knee and enable the computation of the medial and lateral 

tibio-femoral contact forces. Also, the patella was constrained to move as a function of 

the knee flexion-extension angle using a coordinate coupler constraint. While the use of 

constraints is required to build a closed loop mechanism or implement a desired joint 

kinematics, it also increases the complexity of the model and the time required to solve 

the inverse kinematics problem (Sherman, 2014), discouraging their use in real-time 

applications. However, OpenSim provides an alternative approach to manage model 

constraints by solving a simplified model where constraint violations are permitted but 

with added penalisation in Equation 5.2. This approach results in the same 

computational complexity of an unconstrained system, but the accuracy of the resulting 

kinematics must be evaluated for each model to ensure the correctness of the results. 

), which corresponds to a theoretical throughput between 2800 and 2880 fps. 
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Table 5-2 – Time-adjusted-RMSE of joint angles and moments between offline (6 Hz) and time-adjusted-real-time data for 60 seconds of walking (34 

Hz), fast walking (34 Hz), and running (54 Hz).  

Degree of Freedom 

Walking  Fast walking  Running 

joint Angle Joint Moment  joint Angle Joint Moment  joint Angle Joint Moment 

RMSE RMSE  RMSE RMSE  RMSE RMSE 

deg SD Nm SD  deg SD Nm SD  deg SD Nm SD 

Hip Flexion 0.91 0.02 7.36 0.54  0.39 0.01 14.22 2.00  0.81 0.05 21.91 2.13 

Hip Adduction 0.16 0.01 5.74 0.51  0.21 0.02 10.25 1.01  0.53 0.04 13.67 1.49 

Hip Internal Rotation 0.65 0.04 1.86 0.12  0.48 0.04 3.40 0.98  1.12 0.08 5.97 0.44 

Knee Flexion 1.23 0.03 3.42 0.25  0.71 0.03 11.13 0.82  1.30 0.05 7.96 0.85 

Ankle Plantarflexion 1.16 0.06 1.95 0.22  1.26 0.06 8.21 0.49  1.42 0.12 6.44 0.79 

Average 0.82 0.39 4.07 2.19  0.61 0.37 9.44 3.77  1.04 0.33 11.19 6.16 
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While joint moments and joint angles calculated in real-time and offline have limited 

differences (Table 5-2), these are still present even when they are time-aligned for 

maximum cross-correlation and when using the same cut-off frequency (Figure 5.5). 

Joint moments are calculated from filtered values of GRFs, centre of pressure, and joint 

angles. The filtering causes time delays that affect each of these signals’ frequency 

components differently, causing alteration in both time (Table 5-1) and magnitude 

(Table 5-2). These alterations of individual signals are combined in the inverse 

dynamics calculations, so resulting in larger distortions of the computed joint moments. 

This also explains the larger time delays observed for the joint moments when 

compared to the filtered joint angles (Table 5-1). Moreover, since the delay introduced 

by the real-time filtering is higher for frequency components closer to the cut-off 

frequency (Manal and Rose, 2007), the effects of the delay on the joint moment error is 

less evident when increasing the cut-off frequency (Figure 5.5). Conversely, higher cut-

off frequencies result in noisy joint moments. A partial workaround would be applying 

forces and moments experienced by the force plates directly to the foot segment of the 

model, so avoiding the need to filter the centre of pressure, eliminating a possible 

source of error. However, this option was not available, since the raw data from the 

force plates were not accessible in real-time using the current version of Vicon 

DataStream SDK. Furthermore, mismatches in the filter cut-off frequencies used for 

kinematic and kinetic data introduce moments with artefacts (Kristianslund et al., 2012). 

The use of constraints in the modified gait2392 (Lerner et al., 2015) model increased the 

solution times of approximately 40 times, resulting in a throughput of 50 fps when using 

12 threads for inverse kinematics calculations (Figure 5.4). Constraints are used in 

multibody models to remove degrees of freedom and to define further relationships 

between coordinates. For example, Lerner et al. (2015) used weld constraints to create a 

closed-loop mechanism at the knee and enable the computation of the medial and lateral 
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tibio-femoral contact forces. Also, the patella was constrained to move as a function of 

the knee flexion-extension angle using a coordinate coupler constraint. While the use of 

constraints is required to build a closed loop mechanism or implement a desired joint 

kinematics, it also increases the complexity of the model and the time required to solve 

the inverse kinematics problem (Sherman, 2014), discouraging their use in real-time 

applications. However, OpenSim provides an alternative approach to manage model 

constraints by solving a simplified model where constraint violations are permitted but 

with added penalisation in Equation 5.2. This approach results in the same 

computational complexity of an unconstrained system, but the accuracy of the resulting 

kinematics must be evaluated for each model to ensure the correctness of the results. 

When using a model without constraints, the system total delay was less than 31.5 ms, 

(Table 5-1 and While joint moments and joint angles calculated in real-time and offline 

have limited differences (Table 5-2), these are still present even when they are time-

aligned for maximum cross-correlation and when using the same cut-off frequency 

(Figure 5.5). Joint moments are calculated from filtered values of GRFs, centre of 

pressure, and joint angles. The filtering causes time delays that affect each of these 

signals’ frequency components differently, causing alteration in both time (Table 5-1) 

and magnitude (Table 5-2). These alterations of individual signals are combined in the 

inverse dynamics calculations, so resulting in larger distortions of the computed joint 

moments. This also explains the larger time delays observed for the joint moments 

when compared to the filtered joint angles (Table 5-1). Moreover, since the delay 

introduced by the real-time filtering is higher for frequency components closer to the 

cut-off frequency (Manal and Rose, 2007), the effects of the delay on the joint moment 

error is less evident when increasing the cut-off frequency (Figure 5.5). Conversely, 

higher cut-off frequencies result in noisy joint moments. A partial workaround would be 

applying forces and moments experienced by the force plates directly to the foot 
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segment of the model, so avoiding the need to filter the centre of pressure, eliminating a 

possible source of error. However, this option was not available, since the raw data from 

the force plates were not accessible in real-time using the current version of Vicon 

DataStream SDK. Furthermore, mismatches in the filter cut-off frequencies used for 

kinematic and kinetic data introduce moments with artefacts (Kristianslund et al., 2012). 

The use of constraints in the modified gait2392 (Lerner et al., 2015) model increased the 

solution times of approximately 40 times, resulting in a throughput of 50 fps when using 

12 threads for inverse kinematics calculations (Figure 5.4). Constraints are used in 

multibody models to remove degrees of freedom and to define further relationships 

between coordinates. For example, Lerner et al. (2015) used weld constraints to create a 

closed-loop mechanism at the knee and enable the computation of the medial and lateral 

tibio-femoral contact forces. Also, the patella was constrained to move as a function of 

the knee flexion-extension angle using a coordinate coupler constraint. While the use of 

constraints is required to build a closed loop mechanism or implement a desired joint 

kinematics, it also increases the complexity of the model and the time required to solve 

the inverse kinematics problem (Sherman, 2014), discouraging their use in real-time 

applications. However, OpenSim provides an alternative approach to manage model 

constraints by solving a simplified model where constraint violations are permitted but 

with added penalisation in Equation 5.2. This approach results in the same 

computational complexity of an unconstrained system, but the accuracy of the resulting 

kinematics must be evaluated for each model to ensure the correctness of the results. 

) which is excellent for biofeedback applications. Delays are introduced at different 

stages of the process, and include marker reconstruction and labelling, filtering with 

phase delay, inverse kinematics and inverse dynamics processing, and data 

transmission. While data transmission delays cannot be optimised, both marker 
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reconstruction and labelling depend on several factors related to the motion capture 

system and the data collection protocol, and their optimisation is mainly responsibility 

of the motion capture system manufacturers, Vicon in present case. However, care was 

taken to avoid marker occlusion during data collection, since they may slow the 

reconstruction and labelling process. Inverse kinematics and dynamics processing time 

depends on both the Simbody implementation of these tools and on the accuracy 

selected for the solver. Finally, the time delay introduced by the filter depends only on 

the cut-off frequency selection (Figure 5.5). The time delays could be accounted for by 

synchronising the feedback with the subsequent gait cycle, therefore allowing more time 

to compute the results. However, this approach would be an ad hoc solution suitable 

only for cyclical movements, such as walking, and cannot be applied in other contexts. 

Moreover, giving feedback that is delayed by a step could confuse and frustrate subjects. 

Conversely, we presented a completely generic solution that can be used to the analysis 

of any task.  

Table 5-3 – Computation times to process a single data frame for each of the main steps 

in the real-time pipeline (Figure 5.1, Figure 5.2, and Figure 5.3). For each of walking, 

fast walking, and running tasks, the computation times of 12000 frames were measured 

and then used to calculate mean and standard deviation (SD). Computation times 

associated with Vicon Nexus may vary depending on the version of Vicon Nexus. Also, 

given the multithreaded nature of the software, the GRF filtering can occur concurrently 

to the Inverse Kinematics, possibly reducing the total computation time. For this 

analysis the gait2392 OpenSim model, 32-markers marker-set, and 8 threads of inverse 

kinematics were used. Real-time filtering cutoff frequency was set to 34 Hz for walking 

and fast walking, and 54 Hz for running. 

 

 

 
 

Walking 

 Fast 

Walking 

 

Running 
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   Computation times  mean SD  mean SD  mean SD 

    ms ms  ms ms  ms ms 

Vicon 

Nexus 

 Marker reconstruction and 

labelling 

 
3.078 0.333  3.226 0.355  3.483 0.487 

 Data synchronisation  0.304 0.076  0.277 0.079  0.298 0.136 

 Data transmission  0.183 0.051  0.162 0.030  0.167 0.054 

Real-time 

OpenSim 

 Inverse kinematics  5.325 2.661  5.745 2.453  5.899 2.509 

 Inverse Dynamics  0.347 0.051  0.345 0.058  0.356 0.085 

 Joint angles filtering and 

differentiation 

 
0.125 0.110  0.126 0.106  0.101 0.110 

 GRF filtering  0.277 0.106  0.331 0.098  0.307 0.092 

 

 Total  9.639 1.016  10.211 0.939  10.609 0.970 

 

The experimental data used in this investigation was produced by Vicon cameras and a 

Bertec treadmill, but our system can be adapted to accept data from other devices or 

motion capture systems (e.g. Qualisys) provided they make available Application 

Program Interfaces to stream the data in real-time. Similarly, audio (Riskowski et al., 

2009) or haptic feedback (Wheeler et al., 2011) can be used in place of the current 

visual feedback by substituting the Visualisation thread in the real-time pipeline (Figure 

5.1). Using a different treadmill, motion capture system, or filters, which directly affect 

the quality of the input data, could introduce additional source of variability and time 

delays in the results. 

It could be argued that the analyses were performed by simulating real-time in the gait 

laboratory by replaying pre-recorded raw data files, which may not represent the real 

experimental conditions. However, Vicon Nexus was used in ‘live mode’ in conjunction 

with Vicon Virtual System, therefore reproducing the same behaviour whether the data 

were pre-recorded or produced by the treadmill and the cameras. Consequently, the 

operations for marker reconstruction and autolabelling were the same that would be 

performed during a real acquisition session in the gait laboratory. It is worth reporting 

that marker occlusions, marker mislabelling, or frame skipping were not observed when 

inspecting the raw dataset, so resulting in joint angles estimated via real-time pipeline 



Chapter 5 

 

132 

 

that closely matched those obtained from the offline processing (Table 5-2). 

Nonetheless, issues in real-time recording or processing marker trajectories leading to 

larger errors cannot be excluded when using different motion capture systems, 

laboratory setups, and/or marker-sets. Conversely, sporadic spikes in the resulting joint 

moments were observed (Figure 5.6, Figure 5.7, and Figure 5.8) and were mostly 

attributable to noise artefacts in computation of the centre of pressure, possibly caused 

by the treadmill’s belts. 

5.6. Conclusion 

Real-time estimation of joint angles and moments enables the use of methodologies to 

assess muscle function and evaluate joint contact forces for rapid clinical evaluation and 

biofeedback applications. For instance, static optimisation has been used by van den 

Bogert et al. (2013) and electromyogram-informed models have already been applied in 

real-time for Achilles tendon rehabilitation after injury (Manal et al., 2012) and for 

monitoring in wearable robotics (Ceseracciu et al., 2015a). However, those solutions 

were limited to a single generic model (van den Bogert et al., 2013), a individual joint 

(Manal et al., 2012), or used external devices to directly measure the joint angles 

(Ceseracciu et al., 2015a). In this work we proposed a fully generic approach to 

calculate in real-time joint angles and moments that we plan to integrate with multiple 

degrees of freedom electromyogram-informed models (Pizzolato et al., 2015; Sartori et 

al., 2012a)(Chapter 4). Our aim is developing a biofeedback system based on estimates 

of muscle and joint contact forces with the potential of strongly enhance current 

rehabilitation practices. 
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5.8. Supplementary material 

This material is provided with the article: Pizzolato C., Reggiani M., Modenese L., 

Lloyd D.G., Real-time inverse kinematics and inverse dynamics for lower limb 

applications using OpenSim, Computer Methods in Biomechanics and Biomedical 

Engineering, under review 

5.8.1. Videos 

 

Figure 5.9 – Demonstration of the real-time software https://youtu.be/UjzUGg8-q1M 

  

https://youtu.be/UjzUGg8-q1M
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5.8.2. Marker-sets 

Table 5-4 - The effect of different OpenSim models, marker-sets, tasks, and number of 

threads on the real-time throughput was explored in the first analysis. This table reports 

the markers used in the 48, 32, and 14 markers marker-sets (48 MS, 32 MS, and 14 MS, 

respectively). The x indicated whether the marker was included in the marker-set. 

48 

MS 

32 

MS 

14 

MS Marker 

x x x Right Acromion 

x x x Left Acromion 

x x 

 

7th Cervical Vertebra 

x x x 10th Thoracic Vertebra 

x x 

 

Manubrium of Sternum 

x x x Sternum 

x 

  

Right Anterior Shoulder 

x 

  

Right Posterior Shoulder 

x 

  

Left Anterior Shoulder 

x 

  

Left Posterior Shoulder 

x x x 

Right Anterior Superior Iliac 

Spine 

x x x 

Left Anterior Superior Iliac 

Spine 

x x x 

Right Posterior Superior Iliac 

Spine 

x x x 

Left Posterior Superior Iliac 

Spine 

x x 

 

Right Thigh Cluster Marker 1 

x x 

 

Right Thigh Cluster Marker 2 

x x 

 

Right Thigh Cluster Marker 3 

x x 

 

Right Thigh Cluster Marker 4 

x 

 

x Right Lateral Femoral Condyle 

x 

  

Right Medial Femoral Condyle 

x 

  

Right Lateral Tibial Condyle 

x 

  

Right Medial Tibial Condyle 

x x 

 

Right Tibia Cluster Marker 1 

x x 

 

Right Tibia Cluster Marker 2 

x x 

 

Right Tibia Cluster Marker 3 

x x 

 

Right Tibia Cluster Marker 4 

x 

 

x Right Lateral Malleolus 

x 

  

Right Medial Malleolus 

x x x Right Calcaneus 

x x 

 

Right Head 1st Metatarsal Bone 

x x 

 

Right Head 5th Metatarsal Bone 
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Table 5-4 (continued) 

48 

MS 

32 

MS 

14 

MS Marker 

x x 

 

Left Thigh Cluster Marker 1 

x x 

 

Left Thigh Cluster Marker 2 

x x 

 

Left Thigh Cluster Marker 3 

x x 

 

Left Thigh Cluster Marker 4 

x 

 

x Left Lateral Femoral Condyle 

x 

  

Left Medial Femoral Condyle 

x 

  

Left Lateral Tibial Condyle 

x 

  

Left Medial Tibial Condyle 

x x 

 

Left Tibia Cluster Marker 1 

x x 

 

Left Tibia Cluster Marker 2 

x x 

 

Left Tibia Cluster Marker 3 

x x 

 

Left Tibia Cluster Marker 4 

x 

 

x Left Lateral Malleolus 

x 

  

Left Medial Malleolus 

x x x Left Calcaneus 

x x 

 

Left Head 1st Metatarsal Bone 

x x 

 

Left Head 5th Metatarsal Bone 
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Chapter 6. Real-time tibiofemoral joint contact force 

biofeedback for gait retraining 
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6.1. Abstract 

Biofeedback assisted rehabilitation and intervention technologies have the potential of 

modifying biomechanical parameters of clinical relevance. For instance, gait retraining 

has been used to reduce the knee adduction moment, a surrogate measure for medial 

tibiofemoral joint loading often investigated in the context of knee osteoarthritis 

research. In this study we present a real-time electromyogram-driven 

neuromusculoskeletal model of the lower limb to estimate in real-time tibiofemoral joint 

loads, which could be used together with gait retraining and biofeedback to transform 

current rehabilitation practices for knee applications. The model included 34 

musculotendon units spanning the hip, knee, and ankle joints. Full-body inverse 

kinematics, inverse dynamics, and musculotendon kinematics were solved in real-time 

from motion capture and force plate data to estimate the knee medial tibiofemoral 

contact force (MTFF). It was assessed on 5 healthy subjects walking on an instrumented 

treadmill who were asked to modify their gait in order to vary the magnitude of their 

MTFF. All subjects were able to increase their MTFF, whereas only 3 subjects could 

decrease it, and only after receiving verbal suggestions about possible gait modification 

strategies. Results also indicate the important role of muscle activation and co-

contraction in the estimation of the medial knee contact force. While this study focused 

on the knee, the same technology can be used to estimate other musculoskeletal tissue 

loads in the human body. 
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6.2. Introduction 

Inappropriate loading of the medial tibiofemoral joint in gait is believed to be a main 

mechanical contributor to the development and progression of medial compartment 

knee osteoarthritis (OA) (Andriacchi and Mundermann, 2006). Medial tibiofemoral 

contact force (MTFF) is due the externally applied knee loading (Manal et al., 2015; 

Prodromos et al., 1985) and the internal action of muscles forces causing movement and 

stabilising the knee (Prodromos et al., 1985; Walter et al., 2015; Winby et al., 2013; 

Winby et al., 2009). An increased external knee adduction moment (KAM), which is 

related to increased MTFF (Zhao et al., 2007), has been associated with fast progression 

of medial knee OA (Hurwitz et al., 2002; Miyazaki et al., 2002), development of 

chronic knee pain (Amin et al., 2004), and outcomes after high tibial osteotomy surgery 

(Prodromos et al., 1985; Wang et al., 1990). Conversely, knee muscle atrophy, shown to 

reduce maximum muscle forces (Maughan et al., 1983; Narici et al., 1996), is also 

associated with knee OA like tissue damage in animals (Egloff et al., 2014; Leumann et 

al., 2012; Rehan Youssef et al., 2009) and fast progression to knee OA in humans 

(Wang et al., 2012). Furthermore, resistance training to improve quadriceps muscle 

strength improves symptoms (Sharma et al., 2003) and function (McQuade and de 

Oliveira, 2011) in people with knee OA. These results implicate impaired muscle action 

in knee OA, although this has not yet been shown to affect MTFF.  

There is an evolving understanding that MTFF under-loading, in addition to 

overloading, may be also important for the onset and progression of knee OA, 

especially in some patient populations. In those with mid-stage medial knee OA higher 

MTFF have been reported (Kumar et al., 2013). However, Saxby and colleagues (Saxby 

et al., 2015; Saxby et al., 2016b) have recently shown that ACL reconstruction 2-year 

post surgery have lower MTFF in walking, running and side stepping, compared to 
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healthy controls. In addition, the healthy controls and ACL reconstruction without 

meniscal damage with larger MTFF in walking have healthier cartilage and bone (Saxby 

et al., 2015; Saxby et al., 2016b). Furthermore, lower-than-normal MTFF in the first 

two years after ACL reconstruction surgery predisposes one to greater risk of 

radiographic knee OA at 4-years post-surgery (Wellsandt et al., 2016). Despite clear 

guidance on whether to increase or decrease MTFF for different knee pathologies, 

modifying gait to alter the MTFF has been proposed as a strategy to slow the onset and 

progression of knee OA (Dowling et al., 2010; Shull et al., 2011; Shull et al., 2013b; 

Simic et al., 2011; van den Noort et al., 2015). 

Different gait strategies aimed at reducing the MTFF have been investigated (Chang et 

al., 2007; Fregly et al., 2009; Fregly et al., 2007; Mundermann et al., 2008; Simic et al., 

2011). Since the MTFF cannot be measured in-vivo in the native knee, the KAM has 

been used as surrogate measure (Birmingham et al., 2007; Zhao et al., 2007). KAM has 

been reduced by various kinematic changes, such as slower walking speed (Robbins and 

Maly, 2009), increased step width (Fregly et al., 2008), increased trunk sway (Hunt et 

al., 2008), change in the foot progression angle (Guo et al., 2007), and medialised knee 

gait patterns (Fregly et al., 2007). Furthermore, gait retraining with biofeedback using 

some of these kinematics changes has successfully reduced the KAM (Barrios et al., 

2010; Dowling et al., 2010; Shull et al., 2013b; van den Noort et al., 2015). However, is 

the KAM the correct biofeedback target to reduce MTFF or in general to manipulate 

MTFF? 

Although studies have shown the KAM to be positively correlated with the MTFF 

(Kutzner et al., 2013b; Zhao et al., 2007) this is not always the case (Manal et al., 2015; 

Walter et al., 2010; Walter et al., 2015). Studies based on instrumented tibiofemoral 

prostheses (Fregly et al., 2012a) have demonstrated that decreased KAM does not 
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guarantee decreased medial contact force (Walter et al., 2010), while Kinney et al. 

(2013) have shown that only small changes occurred in the MTFF for a variety of gait 

patterns designed to reduce the KAM. The KAM-MTFF relationship probably breaks 

down due to the muscular contributions to MTFF that are often larger than the external 

load contributions (Walter et al., 2015; Winby et al., 2009). It is therefore essential to 

consider both external joint moments and muscle forces, the latter depending on muscle 

activation patterns and muscle physiological characteristics, e.g. cross sectional areas, to 

estimate MTFF accurately (Walter et al., 2015; Winby et al., 2009). Furthermore, 

individuals with different knee pathologies use different muscle activation patterns in 

gait (Astephen et al., 2008; Heiden et al., 2009b; Hortobágyi et al., 2005; Hubley-Kozey 

et al., 2006; Mills et al., 2013; Patsika et al., 2014; Sturnieks et al., 2011a; Tsai et al., 

2012) that potentially affect MTTF (Brandon et al., 2014), suggesting personalised 

models should be employed and account for individual variations in the anatomy, 

movement and muscle activation patterns. Subsequently, electromyogram (EMG)-

driven models (Buchanan and Lloyd, 2004; Lloyd and Besier, 2003) have been used to 

estimate medial and lateral knee contact forces (Manal and Buchanan, 2013; Manal et 

al., 2015; Walter et al., 2015; Winby et al., 2013; Winby et al., 2009), and Gerus et al. 

(2013) and Manal and Buchanan (2013) showed that their predicted forces closely 

matched those measured from instrumented knee implants (Fregly et al., 2012a).  

In this study a calibrated EMG-informed neuromusculoskeletal (NMS) model, called 

CEINMS (Pizzolato et al., 2015)(Chapter 4), was used to estimate the MTTF in real-

time. For the first time subjects were asked to modify their gait pattern using a direct 

estimation of a joint contact force (i.e. MTFF) acting within the human body as a 

biofeedback variable instead of an external measurement or surrogate variables. 

Because of the novelty of the approach, it was unclear whether subjects using this 

technology would be able to modify their gait strategy in order to successfully 
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manipulate the estimated contact force on-demand or if they would require suggestions 

on kinematic modifications to adopt. Also, it was unclear how subjects would change 

their gait strategy to alter their joint forces and if a common preferred strategy would 

emerge. The aim of this paper is to assess the use of musculoskeletal tissue loading as 

somatosensory augmented feedback for gait retraining through evaluation of the subject 

response in five distinct experimental conditions. 

6.3. Methods 

6.3.1. Experimental setup 

The Griffith University Human Research Ethics Committee approved the study and the 

5 male participants (mass: 76.4 ± 6.4 kg, height: 1.78 ± 0.04 m, age: 26.8 ± 2.9 years) 

gave their informed written consent prior to starting the experiments. A 12-camera 

Vicon motion capture system (Oxford, UK) and an instrumented split belt treadmill 

(Bertec Corporation, Columbus, OH, USA) were used to collect marker trajectories 

(200 Hz) and GRF (1000 Hz) in real-time. Superficial EMG (Zerowire, Milan, IT) were 

collected (2000 Hz) from 16 sites on a single leg: gluteus maximus, gluteus medius, 

tensor fasciae latae, rectus femoris, sartorius, vastus lateralis, vastus medialis, adductor 

group, gracilis, medial and lateral hamstring, semimembranosus, gastrocnemius 

medialis, gastrocnemius lateralis, soleus, tibialis anterioris, and peroneus group. The 16 

channels of EMG data were mapped to 32 MTUs, as described by Sartori et al. (2012a). 

Maximum isometric voluntary contractions trials were performed on a Biodex 

dynamometer (Biodex Medical Systems, Shirley, NY, USA) and used to amplitude-

normalise muscle excitations. A marker-set of 44 retro-reflective markers was used to 

acquire the static pose (Pizzolato et al., In review)(Chapter 5). 
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6.3.2. Software description 

We developed software that uses a marker-based Vicon motion capture system, force 

plates, and EMG to estimate medial and lateral tibiofemoral knee contact forces in real-

time (Figure 6.1). These were displayed on a screen to provide augmented visual 

sensory feedback to a subject walking on a treadmill. The software has five different 

components: (1) anatomical model, (2) real-time estimation of joint angles and 

moments, (3) real-time estimation of tibiofemoral contact forces, (4) musculotendon 

parameter calibration, and (5) biofeedback visualisation. Each component is briefly 

described in the following sections.  

 

Figure 6.1 - Schematic representation of the real-time system 

6.3.2.1. The anatomical model 

The generic model gait2392 model available with the OpenSim distribution (Delp et al., 

2007; Delp et al., 1990) was modified to allow calculation of external 

adduction/abduction moments about the lateral and medial condyle contact points. This 

was achieved by inserting a body of negligible mass and length equal to the 
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intercondylar distance (dIC) at the knee joint. The body was linked to femur and tibia 

using two hinge joints with axes laying in the sagittal plane (Figure 6.2). The rotations 

of the hinges were locked to avoid varus/valgus movement, so resulting in an open-

chain mechanism without kinematic constraints. This knee joint model also allowed 

calculation of muscle moment arms around the contact points. 

 

Figure 6.2 – Representation of the knee mechanism used in OpenSim to enable 

computation about the medial/lateral condyles of the knee, where dIC is the 

intercondylar distance. 

The generic model was scaled to fit the anthropometry of the participant using data from 

a static trial collected in the gait laboratory. Hip joint centres were calculated using 

regression equations (Harrington et al., 2007), while markers on the femoral 

epicondyles and ankle malleoli were used to calculate knee and ankle joint centres. Hip, 
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knee, and ankle joint centres were then used to scale the anatomical model to the 

individual’s segments lengths using the OpenSim scale tool. The tibiofemoral 

intercondylar distance was scaled proportionally to distance between femoral 

epicondyles (Winby et al., 2013; Winby et al., 2009). 

6.3.2.2. Real-time estimation of joint angles and moments 

Motion capture cameras were connected to the Vicon Nexus software, which 

automatically reconstructed and labelled markers in real-time. Labelled marker 

trajectories were used as input for the inverse kinematics to calculate joint angles by 

solving a weighted least square optimisation problem where the distance between 

experimental and model markers is minimised for each frame (Lu and O'Connor, 1999). 

Joint moments were then estimated from joint angles and ground reaction forces (GRF) 

using the inverse dynamics analysis available in OpenSim. A state-space filter 

implementation of a 2
nd

 order low pass Butterworth filter (van den Bogert et al., 2013), 

with a cut-off frequency of 15 Hz (Pizzolato et al., In review)(Chapter 5) was used to 

filter both GRF and joint angles. A detailed description of the real-time inverse 

kinematics and inverse dynamics software architecture and a validation against offline 

processed data is provided in Pizzolato et al. (In review)(Chapter 5). 

6.3.2.3. Real-time estimation of tibiofemoral contact forces 

A modified version of CEINMS (Pizzolato et al., 2015)(Chapter 4) estimated medial 

and lateral tibiofemoral contact forces at the same sampling frequency used by the 

motion capture cameras. CEINMS was used in EMG-driven mode (Lloyd and Besier, 

2003; Sartori et al., 2012a), which required as input musculotendon units (MTU) 

kinematics and muscle excitations data. Multidimensional cubic B-splines, predefined 

using the OpenSim muscle analysis tool, were included to calculate the MTU 

kinematics as a function of the joint angles (Sartori et al., 2012c), removing the need to 
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execute this OpenSim tool in real-time. Muscle excitations were calculated in real-time 

from raw EMG signals that were high-pass filtered (30Hz), full-wave-rectified, low-

pass filtered (6Hz) using a state-space 2
nd

 order Butterworth filter (Lloyd and Besier, 

2003; van den Bogert et al., 2013), and amplitude-normalised using maximal values 

extracted from a set of maximum voluntary contraction trials. 

The musculotendon model employed was a modified Hill-type model (Lloyd and 

Besier, 2003) with a compliant tendon. A complete description is available in (Pizzolato 

et al., 2015)(Chapter 4). 

Using static equilibrium, the predicted MTU forces were used to calculate the medial 

(𝐹𝑀𝐶) and lateral (𝐹𝐿𝐶) tibiofemoral contact forces as follows (Winby et al., 2009): 

𝐹𝑀𝐶 =
𝑀𝑀𝑇𝑈

𝐿𝐶 −𝑀𝑒𝑥𝑡
𝐿𝐶

𝑑𝐼𝐶
, 𝐹𝐿𝐶 =

𝑀𝑀𝑇𝑈
𝑀𝐶 −𝑀𝑒𝑥𝑡

𝑀𝐶

𝑑𝐼𝐶
  (6.1) 

with: 

𝑀𝑀𝑇𝑈
𝐿𝐶 =  ∑ 𝐹𝑀𝑇𝑈𝑖

𝑟𝑀𝑇𝑈𝑖

𝐿𝐶
𝑛

𝑖
 and  𝑀𝑀𝑇𝑈

𝑀𝐶 =  ∑ 𝐹𝑀𝑇𝑈𝑖
𝑟𝑀𝑇𝑈𝑖

𝑀𝐶
𝑛

𝑖
 (6.2) 

where 𝑛 represents the number of MTU crossing the knee joint, 𝐹𝑀𝑇𝑈𝑖
 the force exerted 

by the ith MTU, 𝑟𝑀𝑇𝑈𝑖

𝐿𝐶  and 𝑟𝑀𝑇𝑈𝑖

𝑀𝐶  the moment arm of the ith MTU about the lateral and 

medial condyle, 𝑑𝐼𝐶 the intercondylar distance, and 𝑀𝑀𝑇𝑈
𝐿𝐶 /𝑀𝑀𝑇𝑈

𝑀𝐶   and 𝑀𝑒𝑥𝑡
𝐿𝐶 /𝑀𝑒𝑥𝑡

𝑀𝐶  

represent the net internal and the external adduction/abduction moments about the 

lateral/medial condyle contact points, respectively. 

A total of 34 MTUs spanning 5 DOFs (hip flexion-extension, knee flexion-extension, 

knee adduction about the lateral condyle, knee abduction about the medial condyle, and 

ankle plantar-dorsi flexion) were considered in the computations. 
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6.3.2.4. Model calibration 

Prior to its real-time use, each participant’s model the MTU parameters were calibrated 

using CEINMS (Lloyd and Besier, 2003; Pizzolato et al., 2015; Sartori et al., 

2012a)(Chapter 4). CEINMS calibration is an offline procedure where MTU parameters 

are adjusted by a stochastic optimisation algorithm (Corana et al., 1987) aiming to 

minimise a user-defined objective function. The calibration objective function 

minimised the 1) summed square error between model predicted and inverse dynamic 

estimated experimental joint moments, and 2) peak magnitude of the medial and lateral 

tibiofemoral contact forces. A calibration using the second term has been shown to 

improve the prediction of knee joint contact forces (Gerus et al., 2013). The calibration 

included a total of 85 parameters. The activation dynamics parameters A, C1, and C2 

were common to all muscles (Lloyd and Besier, 2003). The shape factor A was bounded 

between -3 and 0 and the coefficients C1 and C2 between -1 and 1 (Lloyd and Besier, 

2003). For each MTU, tendon slack length and optimal fibre length were first estimated 

using the anthropometric scaling of Modenese et al. (2016), and then calibrated within 

±5% of their initial values (Pizzolato et al., 2015)(Chapter 4). Finally, MTUs were 

assigned to 11 groups based on the MTU locations on each lower limb segment (Sartori 

et al., 2012a). A strength coefficients assigned to each group were included in the 

calibration, bounded between 0.5 and 2.5, aiming to personalise the muscles maximum 

isometric forces (Sartori et al., 2012a). Calibration was performed using a set of 3 

walking stance phases recorded and processed offline (Mantoan et al., 2015) before 

starting the acquisition experimental protocol. The total time for data processing and 

calibration was approximately 1.5 hours. After calibration, the system was ready to 

estimate the contact forces in real-time. 
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6.3.2.5. Biofeedback visualisation 

The real-time estimated MTFF was visualised on a Graphic User Interface (GUI) as a 

continuous time series on a screen placed in front of the subject (Figure 6.3). Each new 

point was added to the rightmost part of the visualisation window with the previous 

points consequently scrolled left, and permitted visualisation of the last 10 seconds of 

data (blue line in Figure 6.3). The target was calculated as moving average of the 

previous 15 medial contact force peaks and also visualised (red line in Figure 6.3). The 

GUI was updated every 17ms, corresponding to the refresh frequency of the screen.  

 

Figure 6.3 - Visual feedback provided to the subject 



Chapter 6 

 

149 

 

6.3.3. Experimental protocol 

After collection of a static trial used for scaling the generic model and few walking trial 

used for the model calibration, participants were given time to familiarise with the 

instrumented treadmill. They were asked to self-select their preferred walking speed, 

which was kept constant for the whole session.  

The protocol consisted of five different walking conditions. First, “baseline walking” 

was recorded for 1 minute and the mean peak value of medical contact force 

subsequently calculated. The subjects were then provided with the visual feedback of 

the MTFF and a target equal to 90% percent of the MTFF peak moving average. After 

that, subjects were asked to decrease their MTFF in order to maintaining the value 

below the target (“plateau decrease” condition). The subjects were asked to try different 

strategies; however in this instance specific instructions were not provided. The 

researcher’s verbally confirmed whether the strategy of the subjects was being effective 

or not when compared to baseline level. When reaching an effective gait strategy, the 

subjects were asked to maintain it for 1 minute. After a washout period of 5 minutes of 

normal walking, the same protocol was repeated asking the subjects to increase the 

medial force, but a target of 110% was provided (“plateau increase” condition).  

The suggested gait changes series of walking trials started after another 5 minutes 

washout period. The subjects were asked to decrease and then to increase their medial 

contact force following the same protocol described above. However this time verbal 

suggestions were given to the participants, these being the “plateau decrease with 

suggestions” and “plateaus increase with suggestions” conditions. The following gait 

strategies, previously found to modify external knee loading (Fregly, 2012; van den 

Noort et al., 2013; Wheeler et al., 2011), were presented to the subjects: walking with 

toes pointed in (Shull et al., 2013a; van den Noort et al., 2013) or out (Guo et al., 2007; 



Chapter 6 

 

150 

 

van den Noort et al., 2013), increase or decrease side to side trunk sway  (Hunt et al., 

2008; van den Noort et al., 2013), taking longer or shorter strides (van den Noort et al., 

2013; Wheeler et al., 2011), loading the inside or outside of the foot (Wheeler et al., 

2011), changing the distance between feet step width  (Fregly et al., 2008; Street and 

Gage, 2013), and changing the alignment of the knee (Barrios et al., 2010; Fregly et al., 

2007; Walter et al., 2010), i.e. more medial or more lateral. Importantly, the suggested 

gait modifications were used as guidance to find better strategies, but not imposed. 

6.3.4. Data analysis 

6.3.4.1. Verification of real-time estimated contact forces 

Medial and lateral tibiofemoral contact forces estimated offline and in real-time during 

walking trials were compared to verify the real-time system. A cross-correlation 

analysis between real-time and offline contact forces was used to estimate the time 

delays introduced by the real-time low pass filtering. Then, real-time contact forces 

were time-shifted according to the delay, creating another data set of time-aligned-real-

time contact forces. Offline, real-time, and time-aligned-real-time contact forces were 

then divided in single gait cycles. Root mean square errors (RMSE) were calculated 

between the offline and time-aligned-real-time contact forces to reflect the error in time-

varying contact forces magnitude. For each gait cycle, real-time and offline medial and 

lateral tibiofemoral contact forces peak values were identified and a Bland-Altman 

analysis (Bland and Altman, 1986) was used to evaluate the agreement between the two 

solutions. For each subject, mean and standard deviation were calculated across gait 

cycles for offline and real-time contact forces to provide representative curves.  
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6.3.4.2. Evaluation of gait modification protocol 

For each subject, data from the five different protocol conditions were analysed in order 

to evaluate (1) whether subjects were able to increase and/or decrease medial contact 

force from baseline with or without suggestions, and (2) how the change was achieved. 

For each gait cycle, the time frame corresponding to the peak of the medial force was 

identified and used to calculate 11 dependent variables: trunk sway, stride length, step 

width, hip internal rotation, knee flexion angle, knee flexion moment, knee adduction 

moment, the external load contribution to the medial force, the MTU contribution to the 

medial force, the mean activation of the MTU surrounding the knee, and the knee 

directed co-contraction ratio (DCCR) calculated from muscle activations (Heiden et al., 

2009b; Winby et al., 2009): 

𝐷𝐶𝐶𝑅 = {
1 − 𝐴𝑐𝑡𝑒𝑥𝑡 𝐴𝑐𝑡𝑓𝑙𝑒𝑥⁄ , 𝑖𝑓 𝐴𝑐𝑡𝑓𝑙𝑒𝑥 >  𝐴𝑐𝑡𝑒𝑥𝑡

𝐴𝑐𝑡𝑓𝑙𝑒𝑥 𝐴𝑐𝑡𝑒𝑥𝑡 − 1⁄ ,      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  (6.3) 

where 𝐴𝑐𝑡𝑒𝑥𝑡 and 𝐴𝑐𝑡𝑓𝑙𝑒𝑥 are the mean activation of the knee extensors and flexors, 

respectively. For each variable, multiple paired t-tests were used to compare each of the 

plateau conditions to the baseline value. Finally, examples of how subjects searched for 

an optimal strategy in order to decrease or increase their medial contact force are 

reported. 

6.4. Results 

The estimation of the medial tibiofemoral contact force resulted similar between real-

time and offline, with an average time-aligned-RMSE of 0.125 ± 0.069 BW (mean ± 

standard deviation) and a time delay of 37.7 ± 1.1 ms (Table 6-1 and Figure 6.4). 

Differences between real-time and offline estimation of the lateral contact force were 

larger, resulting in an average time-aligned-RMSE of 0.192 ± 0.60 BW and a time delay 
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of 63.3 ± 16.5 ms (Table 6-1 and Figure 6.4). The Bland-Altman analysis (Figure 6.5) 

reported a bias of 2.30%, and agreement limits from -3.36% to 7.95% for the medial 

contact force, and a bias of 16.13%, and agreement limits from -1.32% to 33.59% for 

the lateral contact force. 

Table 6-1 - Errors between real-time and offline, and time-adjusted-real-time and offline 

predictions of medial and lateral tibiofemoral contact forces from 50 consecutive gait 

cycles for each subject. For each subject, time delays were calculated from a cross-

correlation analysis performed on the entire data to avoid errors introduced by the 

uncertainties in the identification of different gait cycles. 

  Medial tibiofemoral contact force 

  

Time 

delay 

(ms) 

RMSE (BW) 
Time-adjusted 

RMSE (BW) 

Peak absolute 

error (BW) 

      SD   SD   SD 

Subject 1 36.40 0.195 0.016 0.055 0.006 0.029 0.022 

Subject 2 37.70 0.259 0.101 0.137 0.112 0.067 0.045 

Subject 3 37.20 0.244 0.028 0.116 0.023 0.076 0.042 

Subject 4 37.60 0.200 0.015 0.087 0.010 0.029 0.023 

Subject 5 39.60 0.225 0.023 0.117 0.019 0.041 0.032 

Average 37.70 0.226 0.056 0.125 0.069 0.049 0.040 

        

        

 
Lateral tibiofemoral contact force 

 

Time 

delay 

(ms) 

RMSE (BW) 
Time-adjusted 

RMSE (BW) 

Peak absolute 

error (BW) 

 

    SD   SD   SD 

Subject 1 63.10 0.296 0.010 0.199 0.009 0.307 0.057 

Subject 2 44.30 0.172 0.096 0.125 0.098 0.092 0.054 

Subject 3 70.00 0.248 0.018 0.168 0.015 0.105 0.042 

Subject 4 48.70 0.211 0.017 0.167 0.017 0.209 0.073 

Subject 5 90.40 0.360 0.022 0.239 0.025 0.191 0.088 

Average 63.30 0.258 0.081 0.192 0.600 0.178 0.101 
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Figure 6.4 - Comparison between tibiofemoral contact forces predicted offline (solid 

blue) and in real-time (dashed red) for 5 different subjects. For each subject, medial and 

lateral tibiofemoral contact forces from 50 consecutive gait cycle were normalised to 

body weight (BW), time normalised, and averaged to create representative mean curves. 

The blue and red points represent the maximum mean value of offline and real-time 

tibiofemoral contact force respectively. Shaded area represents ±1 standard deviation. 
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No subjects were able to decrease their MTFF without suggestions, while three subjects 

significantly decreased it following suggestions (Figure 6.6). For the “decrease with 

suggestions” condition, subject 2 increased trunk sway, step width, knee flexion angle, 

and decreased hip internal rotation, muscle activations, and DCCR, resulting in a 

decreased MTU contribution, and increased knee flexion moment. Subject 3 increased 

stride length and hip internal rotation, but decreased step width, knee flexion angle, and 

muscle activations, resulting in a reduction of the knee flexion and adduction moments 

and of both external load and MTU contribution. Finally, subject 4 increased trunk 

sway, but decreased stride length, step width, and hip internal rotation, which resulted in 

increased knee flexion moments but no significant change in external load, MTU 

contribution, or knee adduction moment. 

 

Figure 6.5 - Bland-Altman plot representing the agreement between real-time and 

offline estimations of medial and lateral contact forces peaks 

All the subjects were able to increase the medial force. For subjects 1, 2, and 3, the 

greatest change occurred after being provided suggestions. In this case, subject 1 

increased trunk sway, stride length, step width, hip internal rotation, knee flexion angle, 

and muscle activations, and reduced the DCCR, resulting in increased external load and 

MTU contributions and increased knee flexion moments, but no significant changes in 

the knee adduction moment. Subject 2 increased step width, hip internal rotation, knee 
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flexion angle, and muscle activations, and decreased the DCCR, resulting in increased 

MTU contribution and increased knee adduction moment. Subject 3 increased stride 

length, hip internal rotation, and knee flexion angle, and decreased step width, muscle 

activations, and DCCR, resulting in an increased external load contribution and 

increased knee adduction moment, and in decreased knee flexion moment. For subjects 

4 and 5, the greatest change in the medial contact force occurred without providing 

suggestions. Subject 4 increased muscle activations and DCCR, and decreased trunk 

sway, hip internal rotation, and knee flexion angle, resulting in a decrease of external 

load contribution, knee flexion and adduction moments, and an increase in the MTU 

contribution. Subject 5 increased step width, hip internal rotation and muscle 

activations, and decreased trunk sway, resulting in increased knee flexion and adduction 

moments, and increased external load and MTU contribution. 

6.5. Discussion 

We estimated medial and lateral tibiofemoral contact forces in real-time at 200 Hz, 

using a scaled OpenSim anatomical model and CEINMS, a multiple-DOFs calibrated 

EMG-driven NMS model in open-loop mode (Pizzolato et al., 2015; Sartori et al., 

2012a)(Chapter 4). For the first time, we were able to estimate the MTFF in real-time 

and use it as visual feedback to explore whether healthy individuals could modify their 

gait patterns to manipulate the magnitude of their MTFF on-demand. All subjects were 

able to increase their medial force, whereas three subjects were able to decrease the 

medial force after being provided with suggestions on how to change their gait 

kinematics. 
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Figure 6.6 - Comparison among different subjects and different conditions across a variety of kinematic, kinetic, and musculotendon force variables. 

For each condition, the MTFF peak was calculated for each gait cycle. The time points corresponding to the MTFF peaks were then used to analyse a 

variety of spatiotemporal, kinematics, kinetics, and muscular variables. The symbol ‘*’ represents significant difference (p<0.05÷4, i.e. with 

Bonferroni correction) from baseline. Error bars indicate 95% confidence intervals 
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Verification for real-time against offline estimation of joint angles and moments was 

presented in Pizzolato et al. (In review)(Chapter 5), while the offline estimation of 

medial and lateral contact forces using CEINMS was previously validated by Gerus et 

al. (2013) using data from instrumented knee prosthesis (Fregly et al., 2012a). EMG-

driven models have been used in real-time to estimate the force in the Achilles tendon in 

real-time (Manal et al., 2012) using electrogoniometer, CEINMS has also been used in 

real-time to estimate forces of MTU spanning the ankle joint in real-time using 

measured joint angles (Ceseracciu et al., 2015a). However, no EMG-driven model has 

been applied in real-time to estimate MTFF from motion capture data and GRFs using 

multiple DOFs (Sartori et al., 2012a). Although differences in real-time and offline 

estimation of the medial tibiofemoral contact force were limited, the real-time lateral 

tibiofemoral contact force presented larger errors when compared to the offline 

estimation (Table 6-1 and Figure 6.4). This is probably due to time delays associated 

with the real-time filtering of GRFs and centre of pressures from the force plates 

(Pizzolato et al., In review)(Chapter 5), which may result in joint moment distortions. 

Nonetheless, the experimental part of this study focused solely on the modification of 

the MTFF. 

While previous gait retraining studies have used kinematic (Barrios et al., 2010; Hunt et 

al., 2011; van den Noort et al., 2015) and kinetic (Shull et al., 2013b; van den Noort et 

al., 2015) variables as biofeedback, we used the MTFF, which is the combined result of 

complex changes in and interactions between kinematics, kinetics, and muscular action. 

No subject achieved a reduction of the MTFF when provided with verbal and visual 

biofeedback only, while three subjects reduced their MTFFs when suggestions were 

given on possible strategies. Given the complex nature of the biofeedback, it is plausible 

that subjects were unable to associate their action to the visual information provided on 

the screen. However, all subjects increased their medial contact force, which instead 
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suggests a correct association between action and biofeedback. The inability of the 

subjects to reduce the MTFF could be related to its biofeedback target magnitude, 

which was calculated from a single maximum peak of medial force of each gait cycle, 

rather than an average maximum. Studies on individuals with instrumented knee 

implants also showed that alternative gait patterns did not lead to statistical significant 

reductions of MTFF (Kinney et al., 2013), or that magnitude reductions were present in 

the second peak only (Fregly et al., 2009; Walter et al., 2010). This is also shown in 

Figure 6.7, where it is possible to observe reductions only in the second peak of the 

medial contact force. 

Gait strategies to decrease and increase the MTFF were different among subjects 

(Figure 6.6). Previous gait retraining studies identified increased step width, medial 

knee thrust, increased hip internal rotation, and trunk sway as common strategies to 

decrease the knee adduction moment (Gerbrands et al., 2014; Simic et al., 2011), even 

though large variations between subjects were reported (Chang et al., 2007; 

Mundermann et al., 2008). However, we considered external joint kinematic, kinetics 

(e.g. KAM) and MTU forces when estimating the MTFF. Since muscle activation 

patterns are different across tasks (Buchanan and Shreeve, 1996) and individuals, even 

when the joint kinematic and kinetics are the same (Buchanan and Lloyd, 1995; Tax et 

al., 1990), it was expected for the MTFF to be modulated using different strategies 

across individuals. Moreover, using large number of subjects may reveal common 

kinematic patterns related to MTFF variations, although one would still expect large 

variations in final strategies.  
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Figure 6.7 - Example of strategy search to decrease the MTFF (Subject 2, with 

suggestions). Continuous gait cycles with peaks of medial contact force less than 2SD 

from the baseline mean were grouped together. The red line corresponds to the mean of 

medial contact force in each group of gait cycles. For each group, percentage variations 

from baseline were plotted as bar chart 

A combination of kinematics, kinetics, and muscle activation changes were used by the 

subjects to manipulate their MTFF (Figure 6.6). For example, subject 2 used increased 

trunk sway and a decreased hip internal rotation to be their effective strategy to reduce 

the MTFF (Figure 6.7). What is also interesting about subject 2 is the method used 

without suggestions to increase their MTFF: they increased their total muscle co-

contraction, but maintained an unchanged external loading pattern, i.e. KAM and knee 

flexion moment. Conversely, subject 4 (Figure 6.8) found different successful gait 

strategies to increase the medial force, which were a combination of changes in stride 

length, hip internal rotation, knee flexion angle, trunk sway, and muscle activations. 

Interestingly, subject 2 increased their MTFF by increasing their total muscle activation, 

but reduced their external loading with the reduced knee flexion moment due to co-
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contraction of knee flexors and extensors. Importantly, the use of the EMG-driven 

neural control solution was essential to identify changes in muscle forces due to 

variation in activation patterns, which static optimisation based methods cannot 

correctly predict (Challis and Kerwin, 1993; Collins, 1995). 

 

Figure 6.8 - Example of strategy search to increase the MTFF (Subject 4, without 

suggestions). Continuous gait cycles with peaks of MTFF greater than 2SD from the 

baseline mean were grouped together. The red line corresponds to the mean of medial 

contact force in each group of gait cycles. For each group, percentage variations from 

baseline were plotted as bar chart. High values of DCCR were caused by a baseline 

value close to 0. 

While this study aimed to evaluate whether the MTFF could be used for biofeedback, 

we recognise that subjects may find difficulty in adopting different kinematic patterns 

and that suggestions may be essential to achieve MTFF reductions. Subjects were free 

to adopt any kinematic change, with the only limitation to maintain a symmetric gait. 

As also observed by van den Noort et al. (2015), this could lead to extreme changes in 

kinematics that would not be suitable for daily living activities. Furthermore, while 
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multiple optimal solutions to decrease or increase the medial contact force may exist, 

subjects may only explore a limited portion of the solution space. A possible alternative 

to improve the feedback and mitigate extreme gait patterns is the use computer 

simulations to suggest minimal gait kinematic changes (Donnelly et al., 2012; Fregly et 

al., 2007) and/or use a data-driven approach (Shull et al., 2011), where a linear model is 

first trained and then employed to guide the subject through kinematics changes 

achieving optimal changes in medial contact force.  

This study has some limitations. Although scaled to the subjects, the anatomical model 

was based on a generic template, which has been shown to produce less accurate 

estimates than a model with subject-specific geometry (Gerus et al., 2013). Moreover, 

the distance between medial and lateral contact points in the knee model (Figure 6.2) 

was scaled proportionally to the femoral epicondyles, which may lead to magnitude 

errors in the estimation of the contact forces (Manal and Buchanan, 2013). Nonetheless, 

in the proposed application for gait retraining the focus was on the relative change in 

magnitude of the MTFF, rather than its absolute value. 

Prior to the real-time use of CEINMS, it was necessary to scale the OpenSim 

anatomical model and perform the calibration procedure. To avoid errors due to markers 

and EMG electrodes repositioning, these operations were performed in a single session. 

However, the calibration was lengthy and could run for several hours, depending on the 

number of experimental trials and MTU parameters optimised. This was in addition to 

the setup times for model scaling and data processing, which was approximately 30 

minutes. To shorten the calibration time to less than 1 hour, we limited calibrating trials 

to the stance phases of walking, which could have resulted in a sub-optimal set of MTU 

parameters. To address this issue, future improvement will focus on the development of 

faster calibration routines able to operate in background to automatically calibrate and 
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updated MTU parameters during the real-time execution. Another limitation regards the 

use of a split belt treadmill, which forced the subjects to maintain a minimum step 

width. However, walking on a single belt would have created errors in the calculation of 

GRF and centre of pressure during the double support phase of gait. Finally, it is 

possible that modification of MTFF resulted in modification of the loading in the lateral 

compartment of the knee, and in the hip and ankle joints. Also, while the subjects were 

asked to maintain a symmetric gait, a measure of gait symmetry was not provided as a 

feedback during the experiment. Consequently, it is not possible to exclude 

compensatory effects in the contralateral limb, or in other joints. While we acknowledge 

that such modifications could be detrimental, this study was exploratory, and its main 

goal was to assess whether people could use the MTFF as biofeedback to modify their 

gait. Nonetheless, clinical applications of this technology should consider the effect of 

altered MTFF on the other joints. 

6.6. Conclusion 

For the first time, this study presents the real-time estimation of the MTFF and its use as 

biofeedback variable for gait modification. The MTFF was estimated from joint angles 

and moments calculated through real-time inverse kinematics and inverse dynamics 

analysis and using a calibrated EMG-driven NMS model (Lloyd and Besier, 2003; 

Pizzolato et al., 2015; Sartori et al., 2012a)(Chapter 4). The current study is not meant 

to be extensive, and further investigations on the use of MTFF for gait retraining 

involving a larger number of subjects will have to be performed before obtaining 

general conclusion. Nonetheless, even these results show the importance of personalised 

NMS models that account for variations in movement and muscle activation patterns 

among individuals. This is of particular interest when moving from a healthy population 

to individuals with pathology (Fregly et al., 2012b), who may have altered activation 
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patterns (Heiden et al., 2009a, b). Finally, while the present research focuses on the 

knee joint, the developed system is generic and could be applied to other 

musculoskeletal structures. The merging of real-time estimation of forces inside the 

human body with the improvements in the creation of subject-specific anatomical 

models (Fregly et al., 2012b) can provide clinicians and physiotherapists with accurate 

and relevant estimations, and has the potential to revolutionise the current use of gait 

analysis for rehabilitation and training. 
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Chapter 7. Final Discussion 

The overarching goal of this thesis was to develop a generic EMG-informed NMS 

model integrated with OpenSim to estimate musculoskeletal tissue loads in real-time. 

This was used to provide real-time visual biofeedback of the MTFF during walking and 

to explore whether healthy individuals could modify their gait patterns to manipulate 

the magnitude of MTFF on-demand. 

7.1. Summary 

This thesis comprised three specific aims. The first aim was to develop and integrate a 

range of EMG-informed and static optimisation-based neural control solutions for NMS 

modelling into an easy to use, robust, and computationally efficient toolbox. 

Importantly, the inclusion of different neural control solutions enables the comparison 

of neural control solutions using a consistent musculoskeletal model. The second aim 

was to calculate joint angles and moments in real-time using a marker-based motion 

capture system while a human subject walked on an instrumented treadmill. This was 

necessary to produce the inputs required by the neural control solutions to calculate the 

MTFF in real-time. The third aim was to use the software developed in the first and 

second parts to estimate, in real-time, the MTFF of healthy subjects during walking and 

to provide visual biofeedback. It was also investigated whether the subjects could 

manipulate their MTFF on-demand by adapting their gait patterns. 

The first aim was addressed in thesis Chapters 3 and 4 and resulted in the development 

and public release of CEINMS, which stands for Calibrated EMG-informed NMS 

toolbox. Chapter 3 addressed the development challenges of CEINMS that emerged 

from the necessity to incorporate 20 years of research into a single comprehensive 
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toolbox that could be also used as OpenSim plug-in. Specifically, CEINMS had to be 

designed to be both flexible and efficient, including the possibility to choose among 

different neural control solutions, the use of a tuneable calibration procedure, the ability 

to be fully configured, and the possibility to be executed in real-time or offline 

independent from both the musculoskeletal model and the neural control solutions. The 

design and development of CEINMS were addressed systematically by following 

industry standards and employing state-of-the-art technologies used in software 

engineering. 

Chapter 4 extensively described the NMS modelling theory used in CEINMS. Particular 

emphasis was placed on the steps required for data preparation and pre-processing, the 

neural control solution algorithms, the muscle model, and the calibration procedure. 

Also, CEINMS was used to compare the influence of EMG-driven, EMG-assisted, and 

static optimisation neural control solutions on the prediction of muscle excitations, joint 

moments, and effective mechanical co-contraction ratio in five healthy individuals 

during walking. When compared to static optimisation, the EMG-assisted neural control 

solution consistently estimated muscle excitations closer to the experimental 

excitations. Knee and ankle flexion-extension moment were correctly predicted by each 

mode, while the hip flexion-extension moment was correctly predicted by EMG-

assisted and static optimisation, but not by the pure EMG-driven mode. The latter was 

consistent with previous studies (Sartori et al., 2014; Sartori et al., 2012a) and due to the 

limitations in directly measuring EMG from the deep hip muscles, i.e. the iliacus and 

psoas. Finally, when compared to static optimisation, EMG-informed methods generally 

estimated higher effective mechanical co-contractions. These results suggested the 

EMG-driven neural control solution to be an adequate computational method to 

investigate the dynamics at the knee and ankle joints, where most of the EMG are easily 

recorded, while the EMG-assisted mode was advised for future investigation of the hip 
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joint. Importantly, the offline version of CEINMS was freely released with a permissive 

license (Apache License v2.0) to allow the biomechanics research community to further 

investigate the different neural control solutions. 

The second aim was addressed in Chapter 5, which described a real-time system to 

estimate joint angles and moments using OpenSim. A marker-based motion capture 

system and an instrumented treadmill were used to collect 3D marker trajectories and 

GRFs, which were streamed and processed in real-time. Software was developed to read 

the streamed data and estimate both the joint angles and moments using the inverse 

kinematics and inverse dynamics algorithms, respectively, available through the 

OpenSim APIs. The software was developed following the same solutions employed in 

CEINMS and described in Chapter 3, such as multithreading and publisher-subscriber 

design pattern. Multiple threads were used to concurrently calculate the inverse 

kinematics of different time frames in order to increase the execution speed. The total 

throughput was analysed for 2 different OpenSim models, 3 different marker-sets, and 3 

different tasks (walking, fast walking, and running). The software was able to achieve a 

throughput of 2000 fps for the gait2392 OpenSim model, which is commonly used for 

gait analysis, independent from the choice of marker-set or task. However, a smaller 

throughput (60 fps) was achieved for a modified version of the gait2392 model that 

used constraints on knee motion. The software implementing the calculation of inverse 

kinematics and inverse dynamics in OpenSim was freely released 

(https://github.com/RealTimeBiomechanics/rtosim) with a permissive license (Apache 

License v2.0). 

The main limitation in estimating joint angles and moments in real-time was that non-

causal filters, commonly used in biomechanical analysis (Robertson and Dowling, 

2003), could not be implemented. Consequently, causal filters were used, resulting in 

https://github.com/RealTimeBiomechanics/rtosim
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signal distortions and time delays. Therefore, a sensitivity analysis was performed to 

explore the optimal cut-off frequency to be used in real-time in order to minimise both 

magnitude errors and time delays. Finally, real-time and offline estimation of joint 

angles and moments were compared, showing good agreement. Importantly, the 

proposed real-time system is compatible with any OpenSim model, albeit with 

throughput limitations on models using kinematic constraints. Also, the real-time 

algorithms used for the inverse kinematics and inverse dynamics were not simplified 

and were the same as used for offline computations. 

The third aim was addressed in Chapter 6, in which five healthy individuals used the 

real-time visual biofeedback of their MTFF to modify their gait patterns. Joint angles 

and moments were calculated in real-time using the software developed in Chapter 5 

and EMG was collected from 16 major lower-limb muscles of a single leg and were 

used as inputs to CEINMS. The EMG-driven neural control solution was used to 

estimate the MTFF that was displayed on a screen in front of the participant in the form 

of time series with approximately 10 previous gait cycles of history. While previous gait 

modification studies have used kinematic (Barrios et al., 2010; Hunt et al., 2008; van 

den Noort et al., 2015) and kinetic (Shull et al., 2013b; van den Noort et al., 2015) 

variables as biofeedback, this was the first study to directly use the MTFF for gait 

modification. Importantly, the MTFF is the combined result of complex changes in, and 

interactions between, kinematics, kinetics, and muscular action. Therefore, it was not 

clear whether individuals’ could use MTFF as augmented sensory feedback. 

The participants were asked to modulate the magnitude of the MTFF visualised on the 

screen by changing their gait patterns. All 5 individuals were able to significantly 

increase their MTFF, but only 3 were able to reduce it. Furthermore, the reduction was 

possible only after providing verbal suggestions on possible kinematics changes. While 
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this result supported the hypothesis that MTFF could be used as a biofeedback variable, 

it also suggested that reductions of MTFF could be challenging for some individuals, 

and that guidance should be provided to the subjects in order to facilitate the exploration 

of the solution space. 

The gait patterns used to increase or decrease the MTFF were different across 

individuals. This was expected, since muscle activation patterns are known to be 

different across tasks (Buchanan and Shreeve, 1996) and individuals, even when the 

joint dynamics are the same (Buchanan and Lloyd, 1995; Tax et al., 1990). Importantly, 

these results confirmed the necessity to include the action of muscles in the estimation 

of the MTFF and are consistent with previous studies examining people with 

instrumented prosthetic knee implants that showed kinetic variations are not linearly 

correlated to variations in MTFF (Walter et al., 2010). 

7.2. Limitations 

Several research limitations should be considered. Superficial EMG can be only 

collected from a limited number of sites and muscles. In this thesis, superficial EMGs of 

a single leg were recorded from 16 muscles, although 34 muscles were modelled. 

Experimentally derived muscle excitations were mapped to muscles sharing the same 

root nerve. However, this is a simplification of muscle recruitment strategies and may 

have resulted in sub-optimal model calibration and inaccurate force predictions. 

Moreover, it was not possible to experimentally collect EMGs from deep muscles. 

Consequently, when using the EMG-driven neural control solution, iliacus and psoas 

muscles were considered to have zero excitations, acting only as passive elements. This 

resulted in the prediction of hip flexion-extension moments that poorly matched the 

external moments calculated from inverse dynamics. Finally, the prediction of forces 
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from muscles surrounding the knee could also have been affected by the simplification 

of the muscle recruitment strategies, such as considering the excitation of the vastus 

intermedius equal to the average of the excitations of vastus medialis and lateralis. 

The anatomical models used in the thesis studies were based on a generic template that 

was linearly scaled to each subject. Thus, bone shapes, MTU attachments and moment 

arms, and joint kinematics were not fully subject–specific, but were personalised to each 

participant. While personalisation with linearly scaled-generic anatomical models is 

commonly used in biomechanical research, they do not represent the exact anatomy of 

an individual. Consequently, the prediction of MTU forces, joint moments, and MTFF 

may be more accurate when using a fully subject-specific anatomical model (Gerus et 

al., 2013). Another possible limitation regards the femoral intercondylar distance used 

in the linearly scaled-generic anatomical model, which was scaled proportionally to the 

femoral epicondyles. Inaccuracies in the intercondylar distance have been shown to 

result in magnitude errors in the estimation of the knee joint articular contact forces 

(Lerner et al., 2015; Manal and Buchanan, 2013). However, in the application proposed 

in Chapter 6 the focus was on the relative change in magnitude of the MTFF, rather than 

its absolute value. Consequently, errors in the estimation of the intercondylar distance 

may have had limited impact, and do not influence our findings that individuals can 

volitionally modify the MTTF using visual biofeedback. Finally, it has to be stressed 

that the creation of subject-specific musculoskeletal geometry requires extensive use of 

medical imaging techniques and time consuming image digitisation, which were beyond 

the scope of this thesis. 

Knee joint articular contact forces were not directly validated with in-vivo measures. It 

would have been possible to compare estimated contact forces with public data from 

instrumented knee prosthesis (Fregly et al., 2012a), however, people with instrumented 



Chapter 7 

 

171 

 

prosthesis may have not well represented the healthy populations used in this thesis. 

Nonetheless, real-time estimates of knee joint articular contact forces were verified 

against the offline EMG-driven neural control solution of CEINMS, which was 

comprised of the same algorithms and calibration procedure previously validated by 

Gerus et al. (2013). 

Only the EMG-driven neural control solution of CEINMS was optimised to work in 

real-time conditions. While the software architecture of CEINMS already permits the 

use of EMG-assisted and static optimisation modes in real-time, these execution modes 

will require further software profiling and optimisation (Chapter 3) to reduce their 

execution times from the current 300 ms per frame to less than 75 ms per frame, which 

is an acceptable value for real-time applications. The use of real-time EMG-assisted 

mode will be essential for future applications related to the estimation of hip joint 

contact forces, where EMG from deeply located muscles are not available. 

The development of a real-time calibration procedure was not completed within this 

thesis. Although the time required for parameter calibration was dramatically reduced 

compared to previous implementations, it still did not satisfy the requirements for real-

time execution. Therefore, in the real-time biofeedback application of Chapter 6, the 

NMS parameters were calibrated offline using normal walking gait trials. During the 

experiment, the subjects were asked to modify their gait patterns, but these novel gait 

patterns were not included in the initial offline calibration. Consequently, it was not 

possible to exclude sub-optimal estimation of MTFF. Conversely, the use of a real-time 

calibration procedure would have allowed adapting the NMS parameters to novel gait 

patterns, perhaps improving the final calibrated parameters. 

Populations suffering from any form of OA were not included in this thesis. The 

overarching goal of this thesis was the development of a system to enable the estimation 
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of musculoskeletal tissue loads in real-time. The estimation of knee joint articular 

contact forces presented in Chapter 6 represented an application of the developed 

technology and it was not meant to be extensive. Before obtaining general conclusions, 

further investigations on the use of MTFF for gait retraining involving a larger number 

of subjects and/or an OA population will have to be performed. 

7.3. Future applications 

Based on the previously outlined limitations, it is possible to recommend several 

directions for future research. Further large-scale clinical studies, in addition to what is 

already available in the literature, should be performed to show the clinical relevance of. 

CEINMS by investigating the relation between the MTFF estimates and knee OA incidence, 

severity, progression, and pain. Also, it would be interesting to investigate the effect of 

MTFF biofeedback on a sample of individuals affected by knee OA. The use of the real-

time technology developed in this thesis would allow gait retraining interventions to 

target quantities that are believed to be directly associated with the disease onset and 

progression, potentially providing better outcomes than interventions targeting surrogate 

measures, such as KAM (Fregly, 2012; Mundermann et al., 2004). Nonetheless, 

knowing the appropriate knee articular loading to promote positive structural changes of 

the articular tissue remains an open and active area of research. While further research 

is necessary to better understand the pathogenesis and progression of OA and the 

appropriate loading conditions at the knee, first investigations may focus on restoring 

the load in the affected knee to the same level of the contralateral healthy knee. Indeed, 

emerging research has shown that within the first two years of following ACL 

reconstruction, those with lower-than-normal MTFFs in the reconstructed knee, and 

significant asymmetries between affected and unaffected legs, are at risk for future 

onset of knee OA (Wellsandt et al., 2016). To this end, the real-time system developed 



Chapter 7 

 

173 

 

in this thesis could be immediately employed to customise patient-specific rehabilitation 

programmes by quantitatively measuring progress with an aim to return their knee 

contact loads to normal and symmetrical magnitudes as quickly as possible after ACL 

reconstructive surgery. 

The MTFF may be difficult to modify on-demand as reaching an objective magnitude 

change could result in uncomfortable gait patterns for some individuals. Better 

rehabilitation training could be achieved providing the user with a biofeedback that 

includes suggestions to minimally modify gait kinematics derived from computer 

simulations (Donnelly et al., 2012; Fregly et al., 2007). An alternative system could be 

based on a data-driven approach (Shull et al., 2011), where a linear model is first trained 

and then employed to guide the subject through subsequent kinematics changes to 

achieve the target value of the MTFF. 

Subject-specific anatomical models should eventually replace linearly scaled-generic 

models. A more accurate representation of the subject anatomy would result in more 

realistic estimations of joint angles, joint moments, and MTU kinematics, with 

improvement on the estimation of MTU forces and joint articular loading (Gerus et al., 

2013). While the creation of subject-specific models is currently a time-expensive and 

costly procedure, population-based approaches that combine statistical shape methods 

with medical imaging databases have the potential to rapidly create subject-specific 

models (Fernandez et al., 2016). Future research should strive to include subject-

specific anatomic models, as they will likely improve the accuracy of model predictions. 

Stress-strain distribution patterns within musculoskeletal tissues could be estimated 

using finite element models (Fernandez et al., 2014; Fernandez et al., 2016; Shim et al., 

2014). Such models have the potential to provide further insights into tissue 

degeneration (Shim et al., 2016). Moreover, finite element and EMG-informed models 
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have already been combined to estimate the articular stresses in the femoroacetabular 

(Fernandez et al., 2014) and patellofemoral (Besier et al., 2005) joints. Generally, finite 

element analyses are computationally demanding and may require hours to complete a 

given simulation. However, partial least square approximations of finite element models 

can be used to perform stress-strain distribution analyses in few milliseconds (Wu et al., 

2014). These approximation methods could be combined with CEINMS to estimate 

stress-strain distribution pattern within musculoskeletal tissues in real-time. 

Inertial sensors could be used in place of marker-based motion capture systems to 

estimate human kinematics in real-time. Inertial sensors are self-contained, lightweight, 

wearable, and inexpensive, which makes them ideal candidates for real-time assessment 

of human movement. Moreover, they are well suited to human motion outside the gait 

analysis laboratory including during real athletic performances, at-home patient 

rehabilitation, or on-field/at-work ergonomic analysis. Current algorithms used to 

estimate joint angles via inertial sensors are based on a direct kinematics approach, and 

thus suffer from several inaccuracies (Kavanagh and Menz, 2008). However, an inverse 

kinematics method similar to the one used for marker-based motion capture data could 

provide accurate joint angles for the estimation of MTU kinematics, one of the inputs 

for CEINMS. 

A reduction in the number of EMG sensors is also necessary to promote the use of 

CEINMS outside the laboratory. A total of 16 EMG channels have been used as input 

for CEINMS in this thesis. While this is acceptable when collecting data in laboratory 

conditions, it may lead to several problems when outside the laboratory. The larger the 

number of EMG sensors the higher the possibility of instrument malfunctions (i.e. 

sensor detachment, battery failure, motion artefact) during testing. The application of a 

large number of sensors is also impractical in non-research environments, as EMG 
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systems are expensive to buy and maintain. Consequently, a reductionist approach to 

decrease the number of EMG sensors should be considered in the future. The EMG-

assisted neural control solution has the potential to be applied using a limited number of 

EMG sensors, but further software optimisation will be required to permit its real-time 

execution. 

Future improvements aimed to reduce the number of EMG sensors in real-time 

applications should investigate the use of muscle synergies (McGowan et al., 2010; 

Neptune et al., 2009; Sartori et al., 2013; Walter et al., 2014). Low-dimensional sets of 

muscle synergies have been shown able to correctly predict physiological muscle 

activations and joint moments (Sartori et al., 2013) and knee joint articular forces 

(Walter et al., 2014) during dynamic tasks. To permit the use of muscle synergies in 

real-time, a variety of dynamic motor tasks could be first collected in the laboratory in 

order to create a low-dimensional set of muscle synergies calibrated to the individual. 

Then, the complete set of muscle excitations could be reconstructed in real-time using 

the previously calibrated synergies and a limited number of EMG sensors. This 

approach has the potential to be less computationally expensive than the EMG-assisted 

neural control solution since it does not require numerical optimisation at each time 

frame. Also, reducing the number of EMG sensors will facilitate the use of CEINMS in 

exoskeleton applications, in which supporting cuffs could interfere with the EMG 

sensors placement. 

CEINMS could be employed in robotic assisted rehabilitation to estimate the amount of 

support required by the patient (Ceseracciu et al., 2015a; Fernandez et al., 2016; Sartori 

et al., 2012b). Currently, robotic devices for rehabilitation are designed for passive or 

resistive exercises, and do not adapt to the patient’s evolving needs (Ceseracciu et al., 

2015a; Sartori et al., 2016). CEINMS could be used to assess a patient’s effort and 
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modulate, in real-time, the level of assistance provided by the robotic devices. 

Preliminary results have already been achieved by interfacing CEINMS with active 

exoskeletons to monitor forces and co-contractions of muscles surrounding the ankle in 

real-time (Ceseracciu et al., 2015a). However, further work is required to permit the use 

of CEINMS in adaptive robotic controllers. 

Future real-time applications of CEINMS are not limited to the lower limbs. EMG-

driven models have been able to accurately estimate glenohumeral contact forces in 

people with instrumented shoulder implants (Nikooyan et al., 2012) by correctly 

accounting for muscle co-contractions, which are not predicted by neural control 

solutions based on static optimisation (Nikooyan et al., 2012). The real-time estimation 

of forces produced by the muscles surrounding the elbow and shoulder joints could be 

used to continuously monitor the progresses in rehabilitation exercises and muscle 

function (Langenderfer et al., 2005). 

7.4. Conclusions 

This thesis focussed on the development of a generic EMG-informed NMS model, 

integrated with OpenSim, to estimate musculoskeletal tissue loads in real-time. The 

system was applied to the lower-limb to estimate the knee joint articular loading during 

gait, and used as biofeedback to modify the gait patterns of healthy individuals. While 

this thesis focused on the knee joint, the developed system is generic and could be 

applied to other joints or musculoskeletal structures. The merging of real-time 

estimation of forces inside the human body with the improvements in the creation of 

subject-specific anatomical models may provide clinicians and physiotherapists with 

powerful, accurate, relevant, and immediate estimations of biomechanical quantities. 
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The future application of this technology in a clinical environment has the potential to 

revolutionise the current use of gait analysis for diagnostics, training and rehabilitation. 
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