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Abstract 

The general aim of this thesis was to explore methods for kinematic modelling the human upper 

limb within an applied sporting context. The thesis begins with the comparison of established 

methods and progresses to the investigation of novel solutions for overcoming identified 

limitations and shortfalls. 

Study 1 investigated the influence of two marker configurations and associated direct kinematic 

models on calculating elbow flexion-extension (FE) during the applied context of cricket bowling. 

Participants were concurrently affixed with both a simple (markers upon selected anatomical 

landmarks and joint axes) and complex (markers positioned away from joints) marker sets. The 

simple model estimated lower mean elbow FE angle when compared with the complex model, with 

between-model differences observed at three discrete elbow FE events: maximum, minimum, and 

ball release. Both modelling approaches proved to have high inter-tester repeatability. The 

observed kinematic discrepancies were attributed to two likely sources; 1) soft tissue artefact 

variance between simple and complex marker positions, and 2) the variation in methods employed 

for estimating the glenohumeral joint centre. 

Study 2 examined whether an inverse kinematics (IK) modelling approach within OpenSim could 

estimate valid joint angles. Elbow FE angles were estimated from a mechanical linkage using a 

skeletal model within OpenSim via the IK function (OpenSim-IK). Seventeen of 18 static postures 

tested returned an OpenSim-IK model elbow FE angle that deviated <1° from ground truth values. 

Elbow FE angles during the range of motion trials returned low root mean square errors of <1.2° 

between OpenSim-IK and ground truth values for three elbow abduction conditions. The OpenSim-

IK model was found valid under controlled conditions. 

Study 3 investigated whether constraining joint angles during the marker registration process 

(prescribing coordinates) improved IK derived elbow FE angles. The upper limb kinematics of eight 

cricket bowlers were recorded during two testing sessions, with a different tester each session. 

Two musculoskeletal models were prepared for use within OpenSim, one with prescribed 

coordinates (MRPC), and once without prescribed coordinates (MR). Each bowling trial was IK 

modelled using both MRPC and MR musculoskeletal models, with elbow FE values compared with 

those from a criterion measure. Both musculoskeletal model preparations displayed high inter-

tester repeatability. However, when compared with a criterion measure, IK estimates using the 

MRPC model were more accurate than the estimates from the MR model. Prescribing coordinates 

increases the accuracy and maintains repeatability of IK solutions when modelling overhead 

sporting tasks.   
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Study 4 proposed a modelling protocol for use with wearable sensors, specifically magnetic and 

inertial measurement units (MIMUs), comprising a novel calibration pose and a functionally defined 

two degree of freedom elbow joint. The MIMU model was validated in three stages: (1) simple 

rotations performed by a mechanical linkage, which returned <2° root mean square difference 

between MIMU-derived and ground truth values; (2) simple elbow rotations by human 

participants, which returned 0% trial duration difference between MIMU-derived and marker-

based values for all tasks; and (3) complex sport-based elbow movements performed by human 

participants, that also returned 0% trial duration difference between MIMU-derived and marker-

based values, except for the high acceleration condition. It was concluded that the proposed 

calibration and modelling procedures were technically sound and capable of estimating accurate 

elbow kinematics among sporting populations, except during high-acceleration tasks which 

requires revisiting when hardware capacity and sensitivity have improved. 

This collection of research explores modelling considerations for several major motion analysis 

technologies. Through the systematic identification and addressing of key issues within the existing 

literature, this presented work expands and strengthens our upper limb modelling knowledge base. 

Additionally, this work is intended to encourage more appropriate, better targeted and increasingly 

powerful upper limb modelling research.  
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Chapter 1 - Introduction 

The complex mechanical system that is the human body presents many challenges when 

attempting to accurately measure and quantify movement patterns using non-invasive methods. 

Even under controlled laboratory conditions, complex biomechanical modelling protocols are 

required to attain practically meaningful, or clinically relevant, participant-specific data. There 

exists a plethora of human motion capture and musculoskeletal modelling options (together 

termed motion analysis) within the biomechanics literature; yet there exists a relatively small 

volume of work critically examining how different motion analysis procedures influence the 

outcome of clinical or applied research questions. Of the many limitations affecting human motion 

analysis, the two most critical are anatomical landmark identification, required for defining 

anatomical reference frames (Della Croce et al., 2005); and soft tissue artefact (STA), a collective 

term characterised by non-linear errors that may be introduced to motion data during dynamic 

conditions (Leardini et al., 2005). Seemingly small differences in motion analysis procedures and 

associated systematic errors may be particularly pertinent with respect to the modelling of complex 

movements, such as dynamic overhead sporting tasks. 

Throughout the 20th century, limitations of motion capture technologies have restricted 

biomechanists to the investigation of low-velocity movements with minimalist kinematic marker 

sets and simplistic mathematical models. Despite these confines, this early plenary research 

founded important biomechanical conventions, such as modelling standardisation and reporting 

protocols for lower limb kinematic and kinetic data. This is most notable within the walking gait 

literature. Advances in motion capture technology over the past 30 years have empowered 

biomechanists to record higher velocity and more complex multi-planar (three-dimensional - 3D) 

movement patterns. The most established methods for the measurement of 3D human movement 

are marker-based opto-reflective stereo-photogrammetry, which records the positions of markers 

affixed to a participant’s body segments. The signal processing and modelling of 3D marker data 

allows researchers to build participant-specific, time-varying 3D musculoskeletal models, from 

which joint kinematics and joint kinetics can be estimated. Many different marker set 

configurations and modelling procedures exist, often developed to address specific research 

questions amongst both healthy and pathological populations (Hingtgen et al., 2006), leaving 

researchers with a plethora of motion analysis options for the analysis of 3D human movement.  

One such option is the Calibrated Anatomical Systems Technique (CAST) (Cappozzo et al., 1995). 

The CAST was initially developed to mitigate the influence of skin sliding, a component of STA 

where the overlying tissues shift with respect to underlying bony anatomy as two adjoining 
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segments rotate through a joint’s range of motion. Skin slide is a systematic error that Cappozzo 

and colleagues (1996) showed significantly affected externally affixed marker positions during 

dynamic movements in areas crossing, or near, joint axes. Markers were typically placed upon 

palpable anatomical landmarks, facilitating the definition of standardised but participant-specific 

anatomical reference frames. A CAST modelling approach allowed researchers to virtually track the 

positions of anatomical landmarks by holding their positions within technical reference frames 

defined from external markers positioned on the same segment, but away from joint axes. Though 

an innovative step forward in biomechanical modelling, the CAST approach has only been 

established as repeatable for the measurement of lower limb kinematics and kinetics. Research is 

still required to assess whether this approach improves the repeatability of upper limb kinematic 

estimates. 

Irrespective of the marker set configuration chosen, once experimental marker data has been 

recorded it undergoes mathematical modelling to estimate participant-specific kinematics. 

Historically, this has been performed through a direct kinematic (DK) modelling approach, which 

involves the definition of segment anatomical reference frames directly from experimentally 

recorded marker positions. As these anatomical reference frames are calculated anew in each 

frame of a time-varying trial, any systematic errors introduced, such as STA altering the position of 

an externally affixed marker relative to the underlying bony segment, can result in non-biological 

segment length fluctuations, and joint translations and dislocations. The Influence of STA is 

commonly acknowledged as the largest single source of error in the DK modelling process (Fuller et 

al., 1997; Leardini et al., 2005); yet there does not exist an established standardised methodology 

for users of DK models to mitigate these errors.  

An alternative approach to DK models which may address the influence of STA is inverse kinematic 

(IK) modelling. Different to a DK model, which defines segments anew for each frame of data, IK 

modelling solves a kinematic solution from scaled skeletal models with rigid segments and 

predefined joint degrees of freedom. To produce an IK solution, the joint angles of the rigid skeletal 

model are adjusted/manipulated to ‘best fit’ the experimentally recorded marker data on a frame-

by-frame basis (Lu and O’Connor, 1999). Any STA associated error within the experimentally 

recorded marker data, such as mass wobble or skin slide, is thought to be mitigated through a 

combination of maintaining segment rigidity and the application of joint constraints in a process 

called global optimisation (Lu and O’Connor, 1999; Roux et al., 2002). 

Before IK can be performed, the template skeletal model must be prepared to match the 

anthropometrics of the participant from whom the experimental data were recorded. Model 

preparation comprises two general steps: 1) the size of the skeletal model is scaled to match the 

participant, comprising of segment length adjustment to participant-specific landmarks and the 
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distribution of body segment inertial parameters, scaled to a participant’s total body mass and 

segment lengths; 2) virtual markers of the skeletal model are mapped to match corresponding 

experimentally recorded marker positions on the participant, a process termed ‘marker 

registration’. Though an important phase of model preparation, the marker registration step is 

rarely described in the methods of published research employing the IK modelling procedure. This 

raises the question whether marker registration influences the resultant IK-derived data. A pilot 

study by Dunne et al. (2013) tested this question using actuated robotic kinematic and kinetic data 

and their results showed that different marker registration approaches can significantly influence 

IK-derived kinematic estimates. Consequently, the influence of marker registration on human 

upper body IK-derived estimates warrants further investigation. 

Marker-based motion capture and the application of DK (or IK) models are widely adopted 

conventions for obtaining participant-specific, anatomically relevant kinematic and kinetic data. 

The ability to record at high sample rates (250-400 Hz), with relatively small marker tracking errors 

(Chiari et al., 2005; Windolf et al., 2008) make marker-based systems the current best practice tool 

for the reliable measurement of 3D human movement. Though accurate and repeatable 

technologies, such motion capture systems have restrictions; including, but not limited to, the 

estimation of internal bony landmarks, joint centres and axes of rotation from externally mounted 

equipment, and the lower ecological validity of laboratory-based testing environments. The latter 

limitation is particularly relevant for the analysis of sport-based movements, which currently often 

requires athletes to travel to unfamiliar and artificial surroundings for testing (Elliott and Alderson, 

2007). Wearable sensors such as magnetic and inertial measurement unit (MIMU) systems are an 

emerging technology that, along with being relatively affordable and easy to operate, may address 

ecological validity issues by facilitating in-field motion capture. Unfortunately, the biomechanical 

modelling of MIMU data to obtain standardised anatomically relevant values is inherently more 

difficult than marker-based methods.  

This thesis, and the research components contained herein, aims to investigate how different 

motion capture and modelling options influence the estimation of upper limb kinematics, 

specifically elbow FE angles during dynamic overhead tasks. Although there is significant focus on 

the technical aspects of modelling, there is a concerted attempt to demonstrate the application of 

findings to bridge the gap between theory and practice; specifically, within the context of cricket 

bowling. Cricket bowling biomechanical analysis requires the accurate estimation of elbow joint 

angles during a highly dynamic upper limb motion. With an allowable elbow extension threshold 

decreed by the International Cricket Council of 15° during the bowling delivery, model accuracy, 

repeatability and overall testing protocol confidence are paramount for both upholding the 
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integrity of the game, and maintaining the utmost fairness to individual athletes. The research 

presented in this thesis will provide significant value for advancing upper limb musculoskeletal 

modelling research beyond its current state, thereby serving to increase the quality of standards in 

the field.  

1.1. Statement of the Problem  

1) In contrast to the lower limb, there is a paucity of research investigating marker 

configurations to complement direct kinematic modelling approaches for the repeatable 

measurement of upper limb kinematics (e.g. CAST). As such, there is currently no 

consensus on the best practice for the measurement of upper limb kinematics during 

dynamic motion.  

2) Uptake of inverse kinematic models are increasing within the biomechanics community, yet 

there remains a lack of research exploring the repeatability of computational 

methodologies underpinning the technique. Specifically, there is limited information 

associated with the preparation of the skeletal models for use with the IK modelling 

approach, such as the requirement for marker registration (Donnelly et al., 2012; Morgan 

et al., 2014). The impact of marker registration for inverse kinematic-derived human 

motion analysis is yet to be investigated. Furthermore, there is very little literature 

investigating the repeatability of inverse kinematic solutions for the analysis of 3D human 

movement. 

3) While marker-based systems are considered the industry standard for 3D human 

movement analysis, the issue of ecological validity remains a notable limitation of 

laboratory-based testing environments. A MIMU-based system is capable of in-field motion 

capture, but validated calibration and modelling procedures to produce participant-

specific, anatomically relevant joint angles are required. 

Research Aims 

The general aim of this thesis is to investigate established and novel methods for the kinematic 

modelling of the upper limb within an applied sporting context. Specifically, this research aims to 

answer four general research questions: 1) Do externally affixed marker configurations and 

associated direct kinematic models influence the repeatability of elbow angle estimates during 

cricket bowling, and do those choices produce real-world consequences? 2) Is the inverse kinematic 

modelling approach as used in the OpenSim framework valid? 3) Does marker registration during 

skeletal model preparation for use with inverse kinematic modelling impact elbow FE angle 

accuracy and repeatability during a cricket bowling task? 4) Can MIMU motion capture 
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technologies, combined with a novel participant-specific calibration procedure, allow for the 

accurate measurement of elbow kinematics during overhead sporting tasks? 

Significance of the Research 

This research serves to broaden our current understanding of human upper limb kinematic 

modelling during dynamic sport-based conditions by investigating the impact of common motion 

capture and applied modelling choices. This research also emphasises real-world consequences of 

modelling and motion capture choices, and works to bridge the gap between theory and practice 

by specifically applying research conclusions to upper limb dynamic sporting motion conditions. 

Finally, through a comprehensive compilation and dissection of current kinematic modelling 

techniques, the goal of the presented work is to guide future researchers and advance modelling 

knowledge; not only in the upper limb, but for all 3D human movement research questions. 

1.2. Thesis Outline 

This thesis is presented as a research series investigating upper limb motion analysis options for 

modelling dynamic sporting tasks. The experimental research component of the thesis comprises 

Chapter 4 through Chapter 7. Chapter 4 examines the effect of using different marker 

configurations on DK modelled elbow angle estimates. Chapter 5 and Chapter 6 investigate the 

potential of IK for modelling upper limb sporting movements, and how skeletal model preparation 

in the IK pipeline - specifically marker registration - may influence joint angle estimates. Chapter 7 

presents a participant-specific calibration and modelling protocol for a MIMU system that allows 

for the calculation of anatomically relevant joint angles during in-field overhead sporting 

applications. 

Due to the broad range of topics covered, including changes in modelling approaches between 

research chapters, a linking statement has been provided at the beginning of Chapter 5, Chapter 6 

and Chapter 7.  The purpose of providing linking statements is to provide clear, concise reasoning 

connecting the previous and the upcoming research chapters. 

Where hypotheses are stated, unique suppositions are listed for zero-dimensional (0D) and one-

dimensional (1D) statistical tests. This is due to the adoption of SPM 1D analyses for the exploratory 

time-varying analysis of 3D human movement data. This method has recently been introduced and 

validated in the biomechanics literature by Pataky et al. (2013). 
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Chapter 2 - Review of the Literature 

The literature review establishes the context of the thesis through a comprehensive overview of 

previously published motion capture and skeletal modelling research. Through this review, ‘gaps’ in 

the current upper limb modelling knowledge are highlighted, providing a theoretical rationale for 

the presented research. 

Chapter 3 - Additional Methods 

This chapter provides extended descriptions of research design and methodologies employed 

throughout this thesis.  

Chapter 4 - Modelling and Associated Marker Placement Strategies: Measuring Elbow 

Flexion During Cricket Bowling 

The specific aims of this study were to: 

• Estimate elbow FE kinematics during cricket bowling concurrently from two commonly 

used marker configurations and associated DK models; 

• Assess the time-varying elbow FE angles estimated by both DK modelling approaches for: 

- inter-model agreement, 

- inter-tester repeatability;  

• Evaluate real world consequences of marker set configuration choice by applying an 

existing kinematic threshold test: the elbow extension allowance for cricket bowlers during 

cricket bowling deliveries, as defined by the International Cricket Council (applied kinematic 

threshold test). 

The null hypotheses tested were: 

• When modelling cricket bowling during the delivery phase (defined by upper arm 

horizontal and ball release events of the forward swing phase), simple and complex DK 

model estimates:  

- of elbow FE angles will not be different at the following discrete events: upper arm 

horizontal, maximum flexion, minimum flexion, ball release and extension range (0D 

inter-model agreement test);  

- of elbow FE angle waveforms will not be different (1D inter-model agreement test). 

• When modelling cricket bowling during the delivery phase, the simple model estimates:  

- of elbow FE angles will not be different between testers at the following discrete 

events: upper arm horizontal, maximum flexion, minimum flexion, ball release and 

extension range (0D inter-tester repeatability test); 
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- of elbow FE angle waveforms will not be different between testers (1D inter-tester 

repeatability test). 

• When modelling cricket bowling during the delivery phase, the complex model estimates:  

- of elbow FE angles will not be different between testers at the following discrete 

events: upper arm horizontal, maximum flexion, minimum flexion, ball release and 

extension range (0D inter-tester repeatability test); 

- of elbow FE angle waveforms will not be different between testers (1D inter-tester 

repeatability test). 

•  Both simple and complex DK modelling approaches will return identical rulings (legal or 

illegal) in the application of the cricket bowler legality test (applied kinematic threshold 

test). 

Chapter 5 - Assessing the Accuracy of Inverse Kinematics in OpenSim to Estimate Elbow 

Flexion-Extension during Cricket Bowling: Maintaining the Rigid Linked Assumption 

The specific aims of this study were to: 

• Investigate the accuracy of IK modelled kinematics through comparison with ground truth 

values set on a mechanical linkage; 

• If proven accurate under controlled conditions (first aim), test the IK modelling approach at 

estimating elbow FE angles during a dynamic overhead sporting motion, using the 

recommended DK model from Chapter 4 as the criterion measure. 

The null hypotheses tested were: 

• Under controlled conditions, there will be no differences between IK modelled estimates of 

joint angles and ground truth values; 

• There will be no difference between IK modelled and criterion measure elbow FE angles 

during an overhead sporting action. 

Chapter 6 - Prescribing Joint Coordinates during Model Preparation to Improve Inverse 

Kinematic Estimates of Elbow Joint Angles 

The aims of this study were to: 

• Evaluate whether imposing known joint angles during the marker registration phase of 

skeletal model preparation (prescribing coordinates) can improve IK-derived elbow FE 

angle estimates during cricket bowling, assessed through two tests: 
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- accuracy, by computing measurement agreement with a criterion measure (the 

recommended DK model from Chapter 4); 

- repeatability, by facilitating an inter-tester comparison. 

• Ascertain whether root mean square marker error, as reported by the modelling software, 

corresponds to the quality of an IK solution (i.e. low marker error indicates a solution with 

greater measurement agreement to the criterion measure). 

The null hypotheses tested were: 

• When modelling cricket bowling during the delivery phase (defined by upper arm 

horizontal and ball release events of the forward swing phase), initialising a skeletal model 

with known static joint angles (prescribing coordinates) during model preparation: 

- will not improve (relative to a criterion measure) IK-derived elbow FE angles values at 

the following discrete events: upper arm horizontal, maximum flexion, minimum 

flexion, ball release and extension range (0D validation test); 

- will not improve (relative to a criterion measure) IK-derived elbow FE angle waveforms 

(1D validation test). 

• When modelling cricket bowling during the delivery phase, initialising a skeletal model with 

known static joint angles (prescribed coordinates) during model preparation: 

- will not affect the repeatability of IK-derived elbow FE angles values at the following 

discrete events: upper arm horizontal, maximum flexion, minimum flexion, ball release 

and extension range (0D inter-tester repeatability test); 

- will not affect the repeatability of IK-derived elbow FE angle waveforms (1D inter-tester 

repeatability test). 

• Marker error values do not correspond to the measurement agreement between an IK 

solution and criterion measure values. 

Chapter 7 - Elbow Joint Kinematics During Cricket Bowling Using Magneto-Inertial Sensors: A 

Feasibility Study 

The aim of this study was to: 

• Demonstrate a novel calibration and modelling protocol for use with a MIMU system, 

facilitating the estimation of participant-specific anatomically relevant elbow FE angles 

during a range of tasks, including overhead sporting tasks. 

The hypotheses tested were: 

• The proposed MIMU system, calibration and modelling protocol estimates valid elbow FE 

angles when compared with ground truth values; 
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• The proposed MIMU system, calibration and modelling protocol estimates (relative to a 

criterion measure): 

- accurate elbow FE angles at discrete events nominated a priori for low-velocity tasks 

(0D accuracy test); 

- accurate elbow FE angle waveforms for low-velocity tasks (1D accuracy test); 

- accurate elbow FE angles at discrete events nominated a priori for high-velocity tasks 

(0D accuracy test); 

- accurate elbow FE angle waveforms for high-velocity tasks (1D accuracy test). 

Chapter 8 - Synthesis of Findings and Conclusion 

The final chapter synthesises the findings of the thesis, revisiting the hypotheses from each study to 

produce a summary of the research impact. Recommendations are also presented for future 

research directions in the field of upper limb and musculoskeletal modelling.  

1.3. Limitations and Delimitations 

Limitations 

The following limitations should be acknowledged when interpreting the results of this research: 

Chapter 4, Chapter 5 and Chapter 6 

• Given the specific sporting task analysed (cricket bowling), the differences in observed 

kinematics may not translate to other overhead upper limb motions. 

• Although an industry standard, opto-reflective stereo-photogrammetry may not be a true 

gold standard for the recording of skeletal motion. True gold standards do exist, such as 

fluoroscopy; however, sampling rate limitations, ethical (radiation dosages) and small 

capture volumes prevent it from being a reasonable option for recording bone motion 

during dynamic overhead sporting tasks such as cricket bowling. The lack of a gold standard 

for large-scale, dynamic motions also prevents the measurement accuracy being reported 

with reference to ground truth values. In place of ground truth values, opto-reflective 

stereo-photogrammetry is referred to as a ‘criterion measure’, indicating that it is 

considered the best measure available for the circumstances. 

• Data were collected within a laboratory environment and may not reflect true competitive 

cricket bowling performance. 
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Chapter 7 

• To allow marker and MIMU data to be simultaneously collected, data collections were 

performed within a laboratory setting. This is not recommended by MIMU manufacturers 

as the magnetometer sensors can be affected by ferrous materials within building 

structures. Although measures were taken to reduce any possible interference (data 

collection performed away from walls, force plates and any electronic equipment), it 

cannot be wholly eliminated as a potential source of error in the MIMU data. 

• The MIMU calibration procedure requires posing the elbow at 90° with guidance from the 

tester, introducing some degree of subjectivity. To achieve data collection in-field, 

segments can be aligned using a goniometer, which is a standard clinical measurement 

tool; however, it must be acknowledged that error thresholds occur with this approach. 

• Arm velocity could not be controlled during human bowling simulation trials. 

• Participants only attended one data collection each; and as such, no comment can be made 

on the inter-session repeatability of the developed MIMU calibration and modelling 

procedures. 

Delimitations 

The following delimitations were imposed, limiting the generality of the findings: 

Chapter 4 and Chapter 6 

• Cricket bowling action was selected as the sole applied task to be investigated. It is 

characterised by high velocity and acceleration movement and involves large shoulder 

range of motion, but uniquely does not contain large elbow FE ranges of motion. The 

findings from these studies may not extend to other overhead tasks such as throwing or 

tennis serving which typically entail greater elbow FE to generate endpoint velocity. 

• The data set comprised of cricket bowlers who were suspected of illegal bowling actions 

only. The justification was that this is the population that may be greatest affected by 

modelling differences as they are most likely to undergo a bowling action test. This may 

limit the applicability of findings to non-suspect bowlers and other overhead sporting 

movements. 

 Chapter 7 

• Only sub-maximal movements could be assessed as the MIMU sensor hardware limitations 

were not capable of recording high acceleration movements (> 160 m.s-2). Further 

investigation with higher capacity sensors should be performed before conclusions can be 

made relating to the accuracy of the developed MIMU calibration and modelling procedure 

in modelling high-velocity movements. It has been estimated that the wrist may experience 
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in excess of 680 m.s-2 during maximal bowling efforts (Wixted and Portus, 2011), greatly 

exceeding the specified 160 m.s-2 rating of the MIMU system employed.



 

 
 

1.4. References 

Cappozzo, A., Catani, F., Della Croce, U. & Leardini, A. 1995. Position and orientation in space of bones during 

movement: anatomical frame definition and determination. Clinical Biomechanics, 10, 171-178. 

Cappozzo, A., Catani, F., Leardini, A., Benedetti, M. G. & Della Croce, U. 1996. Position and orientation in 

space of bones during movement: experimental artefacts. Clinical Biomechanics, 11, 90-100. 

Cereatti, A., Trojaniello, D. & Croce, U. D. 2015. Accurately Measuring Human Movements using Magneto-

Inertial Sensors: Techniques and Challenges. Inertial Sensors and Systems (ISISS), 2015 IEEE International 

Symposium. Hapuna Beach, HI, USA. 

Chiari, L., Croce, U. D., Leardini, A. & Cappozzo, A. 2005. Human movement analysis using 

stereophotogrammetry: Part 2: Instrumental errors. Gait & Posture, 21, 197-211. 

Chin, A., Elliott, B., Alderson, J., Lloyd, D. & Foster, D. 2009. The off-break and “doosra”: Kinematic variations 

of elite and sub-elite bowlers in creating ball spin in cricket bowling. Sports Biomechanics, 8, 187-198. 

Cutti, A., Giovanardi, A., Rocchi, L., Davalli, A. & Sacchetti, R. 2008. Ambulatory measurement of shoulder and 

elbow kinematics through inertial and magnetic sensors. Medical & Biological Engineering & Computing, 46, 

169-178. 

Della Croce, U., Leardini, A., Chiari, L. & Cappozzo, A. 2005. Human movement analysis using 

stereophotogrammetry: Part 4: assessment of anatomical landmark misplacement and its effects on joint 

kinematics. Gait & Posture, 21, 226-237. 

De Vries, W. H. K., Veeger, H. E. J., Cutti, A. G., Baten, C. & Van Der Helm, F. C. T. 2010. Functionally 

interpretable local coordinate systems for the upper extremity using inertial & magnetic measurement 

systems. Journal of Biomechanics, 43, 1983-1988. 

Donnelly, C., Lloyd, D., Elliott, B. & Reinbolt, J. 2012. Optimizing whole-body kinematics to minimize valgus 

knee loading during sidestepping: Implications for ACL injury risk. Journal of Biomechanics, 45, 1491-1497. 

Elliott, B. & Alderson, J. 2007. Laboratory versus field testing in cricket bowling: A review of current and past 

practice in modelling techniques. Sports Biomechanics, 6, 99-108. 

Fuller, J., Liu, L. J., Murphy, M. C. & Mann, R. W. 1997. A comparison of lower-extremity skeletal kinematics 

measured using skin- and pin-mounted markers. Human Movement Science, 16, 219-242. 

Galinski, D. & Dehez, B. 2012. Evaluation of initialization procedures for estimating upper limb kinematics 

with MARG sensors.  The Fourth IEEE RAS/EMBS International Conference on Biomedical Robotics and 

Biomechatronics, Roma, Italy. 

Leardini, A., Chiari, L., Croce, U. D. & Cappozzo, A. 2005. Human movement analysis using 

stereophotogrammetry: Part 3. Soft tissue artifact assessment and compensation. Gait & Posture, 21, 212-

225. 



- Introduction 
 
 

13 

Lu, T. W. & O’Connor, J. J. 1999. Bone position estimation from skin marker co-ordinates using global 

optimisation with joint constraints. Journal of Biomechanics, 32, 129-134. 

McConnell, J., Donnelly, C., Hamner, S., Dunne, J. & Besier, T. 2011. Effect of shoulder taping on maximum 

shoulder external and internal rotation range in uninjured and previously injured overhead athletes during a 

seated throw. Journal of Orthopaedic Research, 29, 1406-1411. 

Morgan, K., Donnelly, C. & Reinbolt, J. 2014. Elevated gastrocnemius forces compensate for decreased 

hamstrings forces during the weight-acceptance phase of single-leg jump landing: implications for anterior 

cruciate ligament injury risk. Journal of Biomechanics, 47, 3295-3302. 

Peters, A., Galna, B., Sangeux, M., Morris, M. & Baker, R. 2010. Quantification of soft tissue artifact in lower 

limb human motion analysis: A systematic review. Gait & Posture, 31, 1-8. 

Rab, G., Petuskey, K. & Bagley, A. 2002. A method for determination of upper extremity kinematics. Gait & 

Posture, 15, 113-119. 

Rau, G., Disselhorst-Klug, C. & Schmidt, R. 2000. Movement biomechanics goes upwards: from the leg to the 

arm. Journal of Biomechanics, 33, 1207-1216. 

Reinschmidt, C., Van Den Bogert, A. J., Lundberg, A., Nigg, B. M., Murphy, N., Stacoff, A. & Stano, A. 1997. 

Tibiofemoral and tibiocalcaneal motion during walking: external vs. skeletal markers. Gait & Posture, 6, 98-

109. 

Roux, E., Bouilland, S., Godillon-Maquinghen, A. P. & Bouttens, D. 2002. Evaluation of the global optimisation 

method within the upper limb kinematics analysis. Journal of Biomechanics, 35, 1279-1283. 

Schmidt, R., Disselhorst-Klug, C., Silny, J. & Rau, G. 1999. A marker-based measurement procedure for 

unconstrained wrist and elbow motions. Journal of Biomechanics, 32, 615-621. 

Windolf, M., Gotzen, N., & Morlock, M. 2008. Systematic accuracy and precision analysis of video motion 

capturing systems--exemplified on the Vicon-460 system. Journal of Biomechanics, 41(12), 2776-2780. 

Wixted, A. & Portus, M. R. 2011. Detection of throwing in cricket using wearable sensors. Sports Technology, 

4, 134-140. 





 

 
 

Chapter 2 - Review of the Literature 

2.1. Introduction: Human Motion Analysis 

Human movement motion analysis has many applications, including athlete and patient 

technique/movement analysis, performance enhancement, gait retraining, injury prediction, 

understanding musculoskeletal disease progression, and verifying and tracking rehabilitation 

programs. Records exist of observational human motion studies dating back almost 200 years 

(human locomotion, Weber and Weber, 1836), with the seminal works of Muybridge (1887) and 

Marey (1874) in the late 19th century harnessing the power of emergent photographic technology 

(i.e. stop-action photography). Their work was the first to record and analyse animal and human 

movements too fast for the human eye to observe. For the next 100 years, motion capture systems 

were generally restricted to two-dimensional (2D) photography or video, before the emergence of 

computer systems enabled the recording and modelling of movement in its native three-

dimensions (3D) (Ariel, 1972). The proliferation of such technologies has now made the recording 

and analysis of human motion ever-more accessible, such that it now influences the everyday lives 

of millions of people via wearable technologies and smart phone applications. 

A biomechanical analysis is a specific category of motion analysis, generally involving signal 

processing and data modelling to: 

“extrapolate mechanical information of the skeletal system during a motor task”  

(pp. 186, Cappozzo et al., 2005).  

Direct in-vivo measurement of the mechanical processes that actuates human systems is currently 

limited due to both ethical and practical considerations. As such, we rely on indirect measurements 

combined with mathematical models to measure the kinematics and kinetics of skeletal, muscle, 

tendon and ligaments of the human body. The foundation of these mathematical models is body 

segment pose (position and orientation) information, which can be more readily obtained through 

non-invasive motion capture technologies (Cappozzo et al., 2005).  

This literature review begins with an overview of the current state of motion capture and skeletal 

kinematic modelling methods in the field of biomechanics. Advantages and disadvantages of these 

techniques will be outlined, followed by an examination of novel innovations that have the 

potential to overcome or address identified limitations. 
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2.2. Modelling Human Motion 

Current best-practice for the non-invasive recording of human movement is marker-based stereo-

photogrammetric motion capture. These systems can automatically track kinematic marker 

positions within calibrated 3D volumes at error margins considered negligible for human motion 

modelling purposes (63 ±5 µm using a Vicon-460 system, Windolf et al., 2008). The accuracy of an 

individual system is dependent on many factors such as; the quality of calibration and other 

parameters including volume size, external environment conditions such as lighting and 

temperature, and intrinsic camera settings (Chiari et al., 2005; Ehara et al., 1995; Elliott and 

Alderson, 2007; Richards, 1999). Systematic errors can be minimised by having a standardised 

calibration method (DeLuzio et al., 1993) to determine the optimal internal (geometric and optical 

characteristics of the cameras; focus and F-stop) and external (optimal physical orientation) 

parameters of the cameras used (Chiari et al., 2005).  

Kinematic markers used with stereo-photogrammetric motion capture, henceforth referred to 

simply as ‘markers’, are generally affixed to the skin surface of participants, however they can also 

be attached to pins or frames and invasively mounted directly into bone (e.g. Fuller et al., 1997; 

Reinschmidt et al., 1997a). Markers are identified by either reflecting (passive) or emitting (active) 

infrared light that is detected by a surrounding camera array (Maletsky et al., 2007). Active markers 

are more readily tracked by cameras, but are reliant on an energy source; usually a battery carried 

on a belt or backpack. Historically, this has required a tether to the body, potentially impeding 

natural movement patterns of the participant. In contrast, passive markers are considered 

marginally less reliable from a tracking perspective as they depend on reflecting external light 

sources for detection by the camera system, and given they do not require an external energy 

source their usage is widespread. Active marker systems often have lower sampling frequency 

capacity than passive systems, rendering them less appropriate for recording high velocity 

movements. 

Marker-based motion capture systems possess several advantages that make them popular for the 

investigation of sport-based movement (Elliott and Alderson, 2007), notably the high sampling 

rates (exceeding 400 Hz) required for recording segments moving at high velocities/accelerations. 

Once motion has been recorded, the data are modelled to calculate the kinematic variables of 

interest. Biomechanical models are a collection of Newton-Euler equations and assumptions that 

represent the human kinematic chain (Cappozzo et al., 2005). Describing one segment’s pose 

relative to another within the kinematic chain requires each to possess a bone-embedded 

reference frame, which is rigidly associated with each segment (Cappozzo et al., 1995). When two 

bone-embedded frames exist within a common global reference frame, the orientation and change 
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in orientation of one (child), relative to the other (parent) facilitated the derivation of joint 

kinematic data (joint angles, angular velocities, and angular accelerations).  

Direct Kinematic Modelling 

Joint kinematic measurements can be modelled from experimentally recorded marker data in 

several ways. The most widespread approach is termed direct kinematic (DK) modelling, referring 

to the calculation of segments and their associated reference frames directly from recorded marker 

positions, performed anew for each data frame within a time-varying trial. Traditionally, 

investigators using DK models have attempted to minimise the number of markers required for 

biomechanical analysis. This reduces participant preparation, data processing and modelling time, 

as well as any potential participant discomfort or impediments to their movements. To achieve this, 

markers are placed directly about a joint centre or joint axis (e.g. placed on or about the 

epicondyles or olecranon of the elbow) (King and Yeadon, 2012; Rab et al., 2002). This allows the 

calculation of joint centres as a fixed offset from one or multiple marker positions, a centre-point of 

two or more markers, or via a regression equation dependent on other variables, such as body 

mass or height. In addition to these anatomical methods are functional joint definitions, which 

exploit joint movement to mathematically estimate joint centres/axes of rotation. Once joint 

centres/axes are defined, standardised bone-embedded anatomical reference frames can be 

assigned and joint kinematics calculated.  

There are two major limitations associated with a marker-based DK modelling approach. First, 

identifying participant-specific anatomical landmark positions. An anatomical landmark is defined 

as a specific, precise location; but bony features are often relatively large curved surfaces, where 

any point upon that surface may technically constitute the landmark of interest. This makes 

consistent identification, especially between-examiners, difficult. Deviations in anatomical 

landmark identification by only a few millimetres has been shown to have significant effects on 

downstream kinematic estimates, altering the orientation(s) of vectors used to define segment 

anatomical frames (Della Croce et al., 2005). Anatomical landmarks misidentification can introduce 

or exacerbate cross-talk errors, where some amount of joint rotation in one plane of motion is 

mistakenly interpreted in another (for example, joint flexion interpreted as abduction) (Piazza and 

Cavanagh, 2000). Further discussion on the effects of anatomical landmark misidentification on 

joint kinematic estimates is not within the scope of this literature review, however more 

information can be found in the review paper by Della Croce et al. (2005).  
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Soft Tissue Artefact 

The second major limitation of DK modelling approaches is that markers are most often placed 

upon a participant’s skin surface. This means that the marker and the bony feature it is positioned 

upon are separated by layers of soft tissues including dermis, subcutaneous adipose, muscle and 

connective tissue. Current modelling techniques mostly consider soft tissue to be part of the rigid 

body segment for mathematical simplicity (Cappozzo et al., 2005). When a segment undergoes 

acceleration during dynamic motion, the layers of soft tissue between the marker and the 

underlying bony structure distort. This can introduce systematic error as the positions of 

anatomical landmarks, and subsequently, the anatomical reference frames calculated from those 

positions may not accurately represent the true bone pose. These systematic errors constitute a 

complex non-linear combination of skin sliding, inertial effects (wobble) and deformation by muscle 

contractions and/or gravity (Bonci et al., 2014; Leardini et al., 2005). Collectively these systematic 

errors are termed soft tissue artefact (STA), which has been repeatedly identified as the largest 

single source of error when estimating kinematics from marker-based motion capture methods 

(Fuller et al., 1997; Leardini et al., 2005; Reinschmidt et al., 1997a).  

Adding to the complexity, soft tissue characteristics are individualised. Homogenous participant 

populations with similar height and mass characteristics may still have different ratios of muscle, 

fat and connective tissue. Some tissues are passive (skin, adipose, connective) whilst others may be 

active, or semi-active (muscle, tendon); and the distribution of these tissues is non-uniform along 

each individual segment. The consequence is that STA will vary depending on where markers are 

positioned on a body segment; and can even vary within individuals over time, as body composition 

may shift with changes in training, lifestyle and ageing. Furthermore, the effectiveness of digital 

filtering in removing these known systematic errors are limited because soft tissue and skeletal 

tissues possess similar frequency bandwidth when placed under acceleration (Fuller et al., 1997). 

Due to the sum of these complexities, there is currently no unifying solution capable of removing 

STA from marker trajectory data.  

The presence of systematic errors such as STA within experimentally recorded marker data has 

several consequences. Errors in measuring time-varying marker trajectories, which are used to 

define joint centre positions and segment reference frames, can produce non-biological 

movements. This can potentially alter segment lengths/positions, observed as segment 

protractions or joint dislocations; both of which violate a rigid body assumption. The rigid body 

assumption states that there is no deformation of segments under external forces and no 

translation of rotational centres in a joint through a movement (Anglin and Wyss, 2000). 

Anatomical frames calculated from these joint centres, and subsequent joint kinematic 

calculations, will likely also include these errors. Although a rigid body assumption does not wholly 
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characterise the biological tissues of the kinematic chain - which do deform under load and may 

possess an element of translation as they are moved through a range of motion - the assumption is 

widely upheld in the literature to simplify the mathematics used for kinematic measurement. Being 

pragmatic, the reason segments are not currently modelled with accurate tissue deformations 

during dynamic movement is that the knowledge and technology to do so does not yet exist. 

Imaging technology such as fluoroscopy can directly record bone motion, but observing soft tissue 

error from these data to quantify and subsequently account for it in motion analyses is difficult and 

problematic (see Advanced Soft Tissue Artefact Compensation Methods, p. 22). If sufficient 

advances in the modelling techniques discussed can be developed, deformable kinematic chains 

will eventually become available in the literature. Until this time, most motion analysis laboratories 

worldwide will continue to accept STA errors as an unavoidable measurement uncertainty. 

Quantifying Soft Tissue Artefact 

The difficulty in quantifying the effect of STA on a kinematic model’s measurement accuracy is 

establishing ground-truth values to compare against. One method to record the true skeletal pose 

is by attaching instruments directly to bone features. These invasive devices such as bone pins 

(Fuller et al., 1997, Reinschmidt et al., 1997a, Reinschmidt et al., 1997b) or external fixation devices 

(Cappello et al., 1997, Cappozzo et al., 1996, Holden et al., 1997) do restrict the range and intensity 

of movement that can be assessed. For example, Cappozzo et al. (1996) had participants perform a 

variety of low impact tasks such as walking gait, stationary cycling and elementary joint movements 

(large rotations such as knee flexion and hip external rotation). With respect to ground-truth 

kinematics calculated from bone-mounted external fixators, they reported errors of knee angles 

approximately 10, 50 and 100% of total movement range for flexion-extension (FE), abduction-

adduction and internal-external rotation respectively, concluding that externally affixed markers 

were not suitable for estimating bone pose. Fuller and colleagues (1997) were restricted to the 

analysis of low impact tasks including stationary cycling, squatting, walking gait and a voluntary 

swing movement. Despite the low impact nature, researchers still documented markers 

displacements exceeding 20 mm relative to the underlying bone. As Cappozzo and colleagues 

(1996) before them, Fuller et al. (1997) concluded that externally affixed markers could not 

accurately represent the underlying skeleton. 

Reinschmidt and colleagues (1997a) investigated STA by comparing knee kinematics during walking 

gait calculated from both externally affixed markers, and from markers mounted upon intracortical 

bone pins inserted into anatomical landmarks of the lower limb. They reported knee abduction-

adduction and longitudinal rotation errors calculated from externally affixed markers that 

occasionally exceeded the total measured range of motion. In a follow-up study, Reinschmidt et al. 
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(1997b) investigated running gait, one of the very few studies to investigate bone pin versus 

externally affixed marker motion during a high impact task. Using a similar protocol (comparing 

knee kinematics from markers either externally affixed or mounted on intracortical pins), the 

researchers’ assessed three male participants completing five running trials each. Similar to the 

values reported by Cappozzo et al. (1996), knee FE, abduction-adduction and internal-external 

rotation were reported to have 21, 63 and 70% error relative to the range of motion observed 

respectively, though individual results varied greatly. The magnitude of both abduction-adduction 

and internal-external rotation errors led to the authors recommending that both joint angles be 

excluded from clinical gait assessments (Reinschmidt et al., 1997b). Common to all the studies 

discussed is that FE (most often containing the largest range of motion) is the least affected by STA. 

Depending on the movements assessed and the study design, STA will be most detrimental to 

either abduction-adduction (Stagni et al., 2005) or longitudinal rotation (Holden et al., 1997; 

Reinschmidt et al., 1997b). Studies that employ invasive techniques have provided great insight 

into the nature and magnitude of STA, but ultimately the limitations of such techniques render 

them unsuitable for many researchers, particularly those interested in high impact dynamic, or 

sport-based, motion. The invasive nature of the devices limit the movements that can be assessed. 

Further, in the case of external fixators, participants are often returning from a serious injury 

involving the segments being measured, likely altering task performance in such a way as to make 

findings difficult to transfer to healthy populations performing high-velocity movements. 

 

Figure 2.1: Example of an external fixator, mounted onto the lower leg segment to measure true skeletal 
position. a) the unmounted device; b) schematic of the device, deigned to not go deeper than 4 mm into the 
bone; c) the device mounted onto a participant’s lower leg. Image taken from Holden et al. (1997). 
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Radioactive/intensive scanning procedures, such as fluoroscopy, offer a non-invasive alternative to 

recording true bone pose; however, there are several considerations that limit the application of 

fluoroscopy investigations to real world environments. Stagni et al. (2005) simultaneously captured 

externally affixed marker data and fluoroscopic scans during functional tasks including stair 

climbing, step up/down and sit-to-stand. They reported standard deviations of markers from bone 

positions derived from fluoroscopic data of up to 31 mm (thigh marker) and 21 mm (shank marker), 

propagating to overwhelming root mean squared errors for both knee abduction-adduction (192% 

of observed ranges of motion) and knee internal/external rotation angles (117%). Although a well-

executed investigation, this research illustrates the common limitations of fluoroscopy studies: 

small participant numbers (two elderly females) and a small capture volume (reported 32 cm field 

of view). Most importantly, the small capture volume combined with low sample rate (six frames 

per second) prevents the investigation of many dynamic sporting applications.  

Sati et al. (1996) and Garling et al. (2007) both use fluoroscopy as a ground-truth measure to 

quantify displacement errors for markers externally affixed to the knee; and whilst both studies 

report up to 17 mm root mean square deviation, they also present with similar limitations to Stagni 

and colleagues (2005): low participant numbers and inherent fluoroscopy technology limitations. 

Sati et al. (1996) only tested three participants (males) performing one single axis movement 

(standing single leg knee flexion). Garling et al. (2007) had a larger sample size (n = 10), yet it was 

an elderly cohort (mean = 73 years of age) and only a single movement was analysed (step up). 

Akbarshahi et al. (2010) and Tsai et al. (2011) are further examples of studies reporting similar 

findings with identical limitations. Barre et al. (2013) had a larger sample size (n = 19) and found 

that STA was higher during the swing phase of gait, and that gait speed and participant body mass 

index correlated with STA magnitude. Despite these important findings, Barre et al., (2013) 

acknowledged being restricted to a slow gait speed (1.8 km.h-1), and a fluoroscopy exposure time of 

8 ms that increased the possibility of image blurring. In summary, whilst studies involving invasive 

or radioactive scanning procedures provide important information on the potential magnitude and 

characteristics of STA, the applicability of these findings remains difficult to translate to high-

velocity, dynamic movements. It could be reasonably surmised that larger segment accelerations 

will exacerbate STA error, however to what extent is not known.  

The outstanding issue for researchers is the description of STA is diverse and often highly study 

specific, making the transfer of knowledge to new research problematic. In a special edition of the 

Journal of Biomechanics (Volume 62) specifically addressing the current state of STA research, 

Cereatti et al. (2017) proposed a standardisation protocol for describing STA, with the specific aim 

to enhance data sharing. This was published alongside an open-access and standard format dataset 
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of upper-, lower- and full-body movements to encourage research advancing human movement 

analysis. While it is too soon to know whether this proposal will be adopted by the wider 

community, this collaborative work represents a recognition that STA is a continuing issue for the 

biomechanics community and that there remains a concerted effort to learn about it. 

Advanced Soft Tissue Artefact Compensation Methods 

To improve our understanding of STA, many researchers now characterise this systematic error as 

composing of rigid and non-rigid components (Andersen et al., 2012; Benoit et al., 2015; Blache et 

al., 2016; Grimpampi et al., 2014). Non-rigid elements involve the change in size or shape (scaling 

or deformation) of marker clusters, and have been shown to contribute little to the overall STA 

error (Andersen et al., 2012; Benoit et al., 2015). Because the non-rigid component of STA is 

measurable by non-invasive means, attempts have been made to use it to estimate the rigid 

component amplitude (Grimpampi et al., 2014; Stagni and Fantozzi, 2005), however these studies 

have so far been ineffective. Rigid elements of STA, the rotation or translation of marker clusters, 

have been shown to contribute an overwhelming majority of measured STA for both the lower limb 

(80-100% during treadmill walking, Barre et al., 2013) and the upper limb (average 85% from a 

range of movements, Blache et al., 2016). Whilst limited by small sample size and restricted 

movement tasks due to the invasive or radioactive techniques (e.g. small scanning volume), the 

consistent conclusions that the STA rigid element introduces most error to joint kinematic data 

should be considered the best available knowledge. One study has attempted to minimise the 

influence of STA by modelling the rigid STA component for the thigh and lower leg segments using 

proximal and distal joint rotations, a technique originally proposed by Bonci et al. (2014). 

Employing this approach, Camomilla and colleagues (2015) successfully demonstrated lower error 

amplitudes for kinematics, but the effectiveness of the technique relied on model calibration with 

ground truth data supplied by bone-pins. The authors rightly identify that in experimental 

conditions with only externally affixed markers available, the lack of ground truth data prevents the 

STA minimised model from being as effective as reported. Bonnet et al. (2017) propose a method 

for calculating the parameters required for implementing the STA model from Camomilla et al. 

(2015) using non-invasive techniques, and subsequently embedding the model within an extended 

Kalman filter. This was found to reduce average marker tracking root mean square distance from 

4.3 to 1.9 mm and root mean square difference compared with ground truth hip, knee and ankle 

angles from 2.0 to 1.7°. This methodology requires complex mathematical modelling procedures 

and requires further refinement before becoming appropriate for widespread use, but it represents 

the forefront of STA compensation research and provides the most promising inroads to the issue. 

A novel approach proposed by Masum et al. (2012; 2017) used ultrasound sensors to measure 

bone pose. This is possible by measuring two parameters: the position of the sensor in a global 

reference frame, and the position of the sensor relative to the bone. The position of the sensor 
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relative to the bone is determined by tracking the bone surface through subsequent ultrasound 

frames. Such an approach, utilising non-invasive, non-radioactive ultrasound sensors, is promising; 

though the methodology requires further research to establish inter-and intra-participant reliability 

before it can be recommended for widespread adoption.  

Another approach to compensating for STA employs hyper-redundant marker sets, from which 

subsets of clusters can be defined and used in the calculation of kinematics. Camomilla et al. (2009) 

used this method to isolate local movement in some clusters uncorrelated to the motion being 

performed, thereby quantifying STA at specific locations of the thigh (2.5-23 mm, ground truth 

values supplied by fluoroscopic measures). Although effective at quantifying site-specific STA, this 

approach possessed what the authors called an inherent phase indeterminacy which prevented it 

from being used to compensate STA, although no further elaboration of this issue was provided 

(Solav et al., 2016). Roosen et al. (2013) demonstrated that using redundant markers improved hip 

joint centre tracking precision from 39 mm to five mm and commented that markers placed closer 

to the joint provided more consistent results. Rather than comparing estimates with a ground truth 

hip joint centre position, Roosen and colleagues (2013) assessed which anatomical frame definition 

minimised hip joint centre estimate variation during walking. Furthermore, they proposed that an 

origin (for the reference frame) defined using the mean position of a cluster of markers would 

possess lower soft tissue error than any single physical marker. Their results proved promising, and 

showed that increasing the number of markers used to define the origin (maximum tested = six) 

reduced variability from 13 mm to <1 mm. Further exploration of this approach, if possible with a 

ground truth measure for comparison, is warranted to assess whether the benefits of reduced 

variability in hip joint centre estimates justify the additional markers required. 

Solav et al. (2014) proposed a method for refining the use of hyper-redundant marker sets by 

defining all possible triangle clusters, then measuring the strain of each (i.e. cluster shape 

distortion) and the relative rotation/translation between them during dynamic motion. When the 

approach was tested on a cadaver model moved through ranges of motion, clusters were identified 

at all instantaneous points that could be used to accurately calculate bone pose with minimal STA 

(Solav et al., 2016). Due to the variation in measured STA between cadaver specimens and 

throughout each trial, it proved impossible to define specific guidelines for the selection of specific 

triangle clusters or marker placements, meaning further research is still required before this 

technique can be adopted as motion analysis standard by laboratories around the world.  

The approach limitations of Solav et al. (2016) typify many investigations of advanced attempts to 

compensate for STA. Proposed models produce promising results, but the variation between-

participants, which are also often restricted to single segment investigations (usually femur/thigh), 
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limits their application to heterogeneous movements throughout the kinematic chain. Until the 

ongoing work in these areas produces practical, applicable guidelines, the techniques investigated 

are unlikely to be widely adopted by the field. 

The literature presented thus far has been predominantly lower limb STA focused research. In 

summary, Peters et al. (2010) performed a systematic review investigating the effects of STA on 

lower limb kinematics, revealing that translation and rotation errors of the magnitude 22-31 mm 

and 12-15° respectively were commonplace.  

Soft Tissue Artefact in the Upper Limb 

Relative to the lower limb, there exists little work directly investigating the influence of STA during 

upper limb movements. Schmidt et al. (1999) reported forearm pronation-supination kinematics 

were underestimated by 17-43% due to skin sliding – an element of rigid STA. They proposed a 

method for correcting skin slide error employing a priori knowledge of joint motion as a criterion 

measure, however the solution was participant- and task-specific, increasing the methodological 

complexities of common motion capture protocols. Zhang et al. (2011) demonstrated that STA 

during upper arm internal/external rotation did not demonstrate sinusoidal patterns, making the 

removal of such error difficult. Cutti et al. (2005) also explored the effects of STA on estimates of 

humeral internal/external rotation, reporting magnitudes of error 20-48% of the observed range of 

motion; however, the ‘gold standard’ employed was also derived from externally affixed marker 

data, so STA also likely affected it to some extent. Campbell et al. (2009a) proposed a novel 

approach for limiting the influence of STA when estimating the shoulder joint centre during 

overhead motion, reporting a combined technical reference frame approach (acromion and 

proximal upper arm) that produced kinematic data with significantly less variability than all other 

technical frame combinations tested.  

Blache et al. (2016) quantified the rigid and non-rigid components of STA in the clavicle, scapula 

and humerus during a range of movements. The rigid component, comprising marker translations 

and marker cluster rotations, was found to contribute on average 85% to the total STA error, 

regardless of the movement performed. Whilst limited by small sample size (typical of studies 

employing invasive techniques such as bone pins) this study covered a range of movement patterns 

including simple shoulder flexion, six activities of daily living and a sporting motion (hockey goal 

shooting). To our knowledge, no other peer-reviewed studies examining STA characterisation in the 

upper limb have been published. 

The Calibrated Anatomical Systems Technique 

Traditionally, researchers have attempted to minimise the number of external markers required for 

motion analysis purposes. This not only reduces potential participant discomfort but facilitates 
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computationally simple modelling methods; for example, calculating the midpoint of a pair of 

markers or reusing joint centres as embedded markers in two adjoined segments (i.e. knee joint 

centre used in the segment anatomical frame definitions of both the femur and the lower leg). The 

possible disadvantage of this approach is highlighted in previous research showing that markers 

positioned over joint lines are predisposed to large levels of skin sliding during dynamic movements 

(Cappozzo et al., 1996; Reinschmidt et al., 1997a; Schmidt et al., 1999). Skin sliding describes a 

specific type of rigid STA movement. If a marker is positioned over a bony landmark with the joint 

at a specific angle, this does not necessarily mean the marker will remain over the landmark at all 

possible angles within a joint’s range of motion, due to the stretching and folding of pliant tissues.  

The calibrated anatomical systems technique (CAST) (Cappozzo et al., 1995) was developed to 

address the issue of skin sliding errors within marker trajectory data. Modelling approaches that 

utilise CAST place clusters of three or more non-linear markers on each required segment, allowing 

the calculation of technical reference frames, within which the location of virtual or digitised 

positions can be stored. Whilst technical frames are considered bone-embedded, the marker 

cluster can be arbitrarily placed on the target segment as they possess no anatomical reference, 

allowing for them to be positioned upon areas away from joint centres/axes of rotation that are 

known to exhibit lower levels of skin sliding (Cappozzo et al., 1996). In addition, using CAST 

provides greater marker placement flexibility, allowing positioning in locations more comfortable 

for the participant, or to mitigate the possibility of movement restrictions during testing. 

Models utilising the CAST are abundant within both the lower (Besier et al., 2003; Cappozzo et al., 

1997; Collins et al., 2009; Dempsey et al., 2007) and upper limb (Campbell et al., 2009a; Chin et al., 

2009; Eftaxiopoulou et al., 2013; Schmidt et al., 1999) modelling research. There is limited variation 

in how CAST is applied in these studies except for the methods used to maintain the position and 

orientation of the marker cluster used to define each technical frame (e.g. using an elastic cuff, or a 

semi-rigid plastic/aluminium frame). Cappozzo and colleagues (1997) explore some of the external 

marker cluster variations possible for use with CAST and recommended an optimal number of four 

markers per technical frame cluster, and that marker placement should be away from areas known 

for excessive skin sliding artefact (i.e. around joint axes).  

Cappello et al. (1997) expanded on the CAST and recommended digitising anatomical landmark 

positions multiple times throughout the expected joint range of motion. This theoretically 

minimises joint centre translation or displacement errors that can be introduced at endpoint ranges 

of motion, particularly for multi-component joints (i.e. shoulder) or joints with recognised 

translations (i.e. knee). Cappello and colleagues (2005) have since updated their protocol, and it is 

now capable of accounting for joint translations dependent on the joint angle rather than a linear 
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association. Although results of this improved approach were promising and based upon sound 

anatomical concepts, there does not appear to be a widespread uptake of the multi-point 

calibration methodology, likely attributable to the increased computational complexity and 

additional calibration steps required to initialise the kinematic model. 

Though a useful minimisation tool, CAST should not be considered a solution to STA. The obvious 

limitation is that externally affixed marker clusters are still placed upon soft tissue, so whilst errors 

associated with skin sliding are mitigated, other aspects of STA may still introduce systematic errors 

to the recorded marker data. Cappozzo and colleagues (1996) acknowledged that even when using 

CAST, errors for abduction-adduction and internal-external rotation were found to be 

‘overwhelming’. In truth, the CAST was developed as a stop-gap solution until a more 

comprehensive solution to mitigate the influence of STA could be found.   

While the uptake of the simple CAST (not multiple calibration point CAST (Cappello et al., 1995)) for 

DK models has been widespread, it remains the prerogative of each laboratory as to whether they 

employ the additional data capture and modelling steps. Traditional methods, that position 

external markers upon the palpable bony landmarks, may be preferred in circumstances where skin 

sliding is already minimal. With significant advancements in computing power over the past 

decade, early criticisms of the CAST relating to the signal processing and the modelling of 

redundant numbers of 3D marker trajectories, are now irrelevant. Despite there being examples of 

both traditional and CAST-enabled models throughout the biomechanics literature, there is a 

paucity of research that compares the joint kinematics estimated by each during time varying 

dynamic motion. Both approaches calculate anatomical frames through tracking specific 

anatomical landmarks, but the manner of tracking requires contrasting external marker 

configurations and methodological considerations. Finally, it is known that STA is a complex, highly 

individualised phenomenon; yet there is little research investigating how it affects upper limb 

kinematic estimates.  

2.3. Modelling the Limbs 

Following World War II, there was an emerging need to develop ‘best practice’ treatments for 

disabled veterans (Mundermann et al., 2006). This was originally centred on improving walking aids 

(Eberhart et al., 1947; Levens et al., 1948), which led to the establishment of clinical gait and 

locomotion research. Walking gait is inherently a cyclical, symmetrical and highly repeatable task, 

with most of the motion occurring within a single plane (sagittal). These characteristics helped 

facilitate the measurement and analysis of gait among typically developing and clinical populations, 

despite the limitations of 2D photography motion capture systems employed at the time. To this 

day, walking gait and locomotion remains the most studied of human motions, as it remains an 
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important function for maintaining independence and quality of life. Walking gait is commonly 

accepted as a standardised movement, which allows for the comparison of lower limb data 

between laboratories, and over time, with confidence. 

On a relative time scale, the study of upper limb motion was much slower in development than 

that of gait research for several reasons. Although sharing many anatomical parallels, the 

structures of the upper and lower limb evolved independently for different purposes. The upper 

limb has anatomically developed into an incredibly versatile segment, capable of moving through 

large ranges of motion and simultaneously across multiple planes of movement. Though useful 

from an evolutionary standpoint, these characteristics present many difficulties from a modelling 

perspective, as upper limb movements are often non-cyclical and rarely symmetrical (for example 

throwing or wielding a tool) (Rau et al., 2000). Motion capture of upper limb movements with 2D 

video is problematic as the combination of elbow flexion, elbow abduction and shoulder internal-

external rotation can create perspective errors (Aginsky and Noakes, 2010; Lloyd et al., 2000; Rau 

et al., 2000). Subsequently, motion capture and modelling of the upper limb is recommended in 3D 

(Chiari et al., 2005; de Vries et al., 2009; Elliott and Alderson, 2007; Rau et al., 2000). These 

considerations limit the extent to which lower limb motion capture considerations and modelling 

procedures can be directly transferred to the upper limb (Rau et al., 2000). 

In their review, Anglin and Wyss (2000) identified a wide range issues facing researchers modelling 

the upper limb; the complexity of the shoulder girdle structure and description of potential 

shoulder motions, the need to standardise marker placement and anatomical frame definitions to 

facilitate comparisons between laboratories, the ever-present influence of STA related systematic 

errors, and the lack of a standardised task. Without a standardised task, such as walking gait serves 

for the lower limb, studies of the upper limb must define tasks such as sit and reach (many 

variations of this task are catalogued in the Anglin and Wyss (2000) review), or ‘activities of daily 

living’, such as dressing, eating, or answering a telephone (Morrey et al., 1981; Packer et al., 1990). 

The lack of consensus on a standardised upper limb task makes inter-laboratory and comparative 

studies difficult. Although the International Society of Biomechanics (ISB) have published standards 

for upper limb anatomical frame definitions and reporting of joint motion (Wu et al., 2005), issues 

regarding the recording and modelling of shoulder girdle motion remain outstanding to this day.  

The Shoulder 

Many of the unique characteristics associated with upper limb movements are possible because of 

the specialised shoulder girdle complex (Hogfors et al., 1987). The shoulder girdle is a unique 

structure of the human body, making tracking and modelling its movements with linked kinematic 
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models a problematic task - particularly with respect to overhead tasks. One factor is the shoulder 

rhythm, which refers to the individualised pattern of shoulder girdle component recruitment 

throughout motion (de Groot, 1999; de Groot and Brand, 2001; Hogfors et al., 1991). It has also 

been shown that shoulder girdle kinematic patterns can and do change depending on the nature of 

the task being static or dynamic, passive or active, and low- or high-velocity (McConnell et al., 2012; 

Robert-Lachaine et al., 2015). 

The shoulder complex is often modelled comprising three segments (clavicle, scapula, humerus) 

and four joints (glenohumeral, sternoclavicular, acromioclavicular and scapulothoracic) (Anglin and 

Wyss, 2000; Duprey et al., 2016; Quental et al., 2012). The glenohumeral joint is often referred to in 

biomechanical parlance generically as the shoulder joint, however for this section of the literature 

review its anatomical name will be used. Modelling the shoulder complex can be either open- or 

closed-loop, depending on whether a scapulothoracic joint is included (Duprey et al., 2016). An 

open-looped variation (e.g. Charlton & Johnson, 2006) model the sternoclavicular and 

acromioclavicular joints as the only attachment between the thorax and shoulder girdle. Closed-

loop models introduce the unique scapulothoracic joint. Model variations for the scapulothoracic 

joint are diverse, including cone/ellipsoid contact (Quental et al., 2012) one or two fixed points (to 

the thorax), a parallel coupling (Holzbaur et al, 2005) or gliding plane approach (Naaim et al., 2017; 

Seth et al., 2016; van der Helm et al., 1994). Duprey et al. (2016) classify a number of upper limb 

models, highlighting that a large variety of joint modelling choices are available. For an expanded 

list of upper limb model variations please refer to this publication. There does not appear to be any 

consensus favouring one model type over another, so adoption of either an open- or closed-loop 

model, and if closed-loop the scapulothoracic joint model, may be dictated by the research 

question, but is predominantly determined by the preference of the investigator. It is 

acknowledged that other models exist specifically for calculating kinetics (e.g. Cazzola et al., 2017), 

however for this section kinematic models will constitute the focus. 

As with other segments, the definition of the scapula anatomical frame relies on palpalpable 

anatomical landmarks. The choice of anatomical frame definition has been shown to influence the 

scapula kinematics calculated, which makes interpretation and between-study comparisons 

problematic (Ludewig et al., 2010). Some models advocate tracking scapula landmarks using 

externally affixed markers (Quental et al., 2012), though scapula and clavicle movements are 

notoriously difficult to directly measure with this method as a large proportion of their movement 

occurs as they slide under the skin (Anglin and Wyss, 2000). Using magnetic resonance imaging 

(MRI) to obtain ground truth positions, Matsui et al. (2006) reported markers deviating by over 80 

mm from the medial border and inferior angle landmarks during complete arm elevation, with the 

smallest deviations reported for a marker placed upon the acromion spine (39 ±15 mm).  
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Ludewig et al. (2009) used invasive methods to track true shoulder complex bone movement, 

mounting instruments directly into the bone to theoretically bypass the skin slide issue. They 

measured participants perform raising and lowering of the arm in several planes and were able to 

document common joint behaviours within the movements. Ludewig and colleagues (2009) 

provided some useful insight, such as their healthy participants displayed little clavicular elevation 

during arm raising, supporting previous reports that excessive clavicular elevation is consistent with 

shoulder pain (Lukaseiwicz et al., 1999). Despite finding common joint behaviours, the authours did 

note that “Substantial variability was seen among individual subjects, and not all subjects 

demonstrated these average patterns.” (Ludewig et al., 2009, p. 388), and that the movements 

tested in no way represent unconstrained shoulder movements. This emphasises the limitations of 

invasive studies, which provide useful insight, but the transfer of knowledge to dynamic motion is 

restricted. 

Sometimes to describe upper limb motion, the shoulder complex is not necessary and may be 

simplified. This can be achieved by either modelling only the arm segments, or creating a fictitious 

thoraco-humeral joint (Hingtgen et al., 2006; Lloyd et al., 2000; Rab et al., 2002; Raikova, 1992). 

These models are suitable, providing investigators aren’t concerned with scapulothoracic 

interactions, and may be sufficient for research targeting elbow and/or wrist kinematics. Such 

models typically define the upper arm segment between the elbow and glenohumeral joint centres, 

but this can be simplified further by using a point along the upper arm close to the humeral head 

(in place of the glenohumeral joint centre). King and Yeadon (2012) used this approach by placing 

markers anterior and posterior to the glenohumeral joint centre so that the line joining them 

intersects the midline of the upper arm and using that point to define the proximal end of the 

upper arm segment. The placement of two single markers in areas with large amounts of soft tissue 

and not even upon palpable anatomical landmarks raises concerns regarding both the subjectivity 

and subsequently the inter- and intra-tester repeatability of such an approach. 

The glenohumeral joint is typically modelled as a zero-translation ball and socket joint, with the 

centre of rotation at the geometric centre of a sphere fitted to the humeral head (Van Der Helm et 

al., 1992; Veeger et al., 1997). Translations have been observed in the glenohumeral joint, up to 

12.4 mm with maximum arm abduction (Dal Maso et al., 2014), but are usually considered 

negligible (<5 mm) (Duprey et al., 2016) or present such difficulty in measuring they are accepted as 

a limitation. Many approaches have been proposed for estimating the glenohumeral joint centre. 

Schmidt et al. (1999) employ a 7 cm offset from a single marker on the acromion process, simply 

stating it is the:  
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“average of visually determined distances using a ruler” (pp. 616, Schmidt et al., 

1999).  

Similar to the model later used by King and Yeadon (2012), Lloyd et al. (2000) placed markers 

anterior and posterior to the glenohumeral joint and used an orthogonal intersection method; 

however, they use CAST to store the positions within an upper arm technical frame away from the 

glenohumeral joint. Although employing a CAST approach, theoretically reducing the skin slide 

component of STA error, this technique, like that of King and Yeadon’s (2012), relies on the tester 

being able to subjectively identify the glenohumeral joint centre of rotation from observation 

alone. Reid et al. (2010) advance the method by introducing a marker placed upon the palpable 

acromion process. The within- and between- day repeatability of the upper limb model using this 

method to identify the glenohumeral joint centre was reported acceptable for use among clinical 

populations. Meskers et al. (1997) generated a regression equation for estimating the 

glenohumeral joint centre, requiring the position of palpable anatomical landmarks.  For their ex 

vivo study, 19 specimens provided 36 scapula-humeral structures (no further descriptive 

information of the specimens is provided) and five bony landmarks of the scapula were 

investigated to provide an estimation of the glenohumeral joint centre (Figure 2.2). While the final 

regression equation is technically comprehensive, tracking five scapula landmarks in a living 

specimen with externally affixed markers is not often practical (Figure 2.2).  

 

Figure 2.2: The landmarks used by Meskers and colleagues (1997) to formulate a regression equation for the 
glenohumeral joint centre of rotation. 

Campbell et al. (2009b), performed an in vivo comparative investigation of several glenohumeral 

joint centre estimation techniques, including the 7 cm offset of Schmidt et al. (1999), the 

orthogonal intersection approach of Lloyd et al. (2000) (Figure 2.3) and the regression equation 

methodologies of Meskers and colleagues (1997). The estimations were validated against known 
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glenohumeral joint centre identification from MRI scans from a cohort of 20 healthy males. When 

estimates of the glenohumeral joint by each method were measured relative to the ground truth 

MRI position, none of the methods returned acceptable results, with the 7 cm offset (50 ± 3.2 mm) 

and Meskers’ regression equation (32 ±8.2 mm) methods producing the largest Euclidian distance 

errors. Campbell and colleagues (2009b) used the MRI data to propose a new regression equation 

and a generic 3D offset function to identify the glenohumeral joint centre from an acromion 

process cluster of three markers, both of which were found to minimise mean error to 13 ±1.5 mm 

and 16 ±4.6 mm respectively. The proposed regression and offset equations were shown to be both 

intra- (regression: 6 ±4 mm; offset: 9 ±4 mm) and inter-tester repeatable (6 ±3 mm, 13 ±6 mm). 

Limitations of the proposed regression equation from Campbell et al. (2009b) include that 

validation was only performed with a population of young adult males, and performed with a single 

joint posture.  

 

Figure 2.3: Glenohumeral joint centre of rotation estimation methods from Schmidt and colleagues (1999) 
(a), Lloyd and colleagues (2000) (b), and the proposed method from Campbell and colleagues (2009a, 2009b) 
(c). 

Campbell and colleagues (2009a) also evaluated the best method of storing and reconstructing the 

glenohumeral joint centre estimated using the regression equation during overhead postures by 

using a combination of technical frames. The best approach found was storing the estimated joint 

centre in an averaged acromion (TF1) and an upper arm technical frame (TF2). During dynamic 

trials, the stored position was recreated in both TF1 and TF2, and the average position between 

both was determined to be the glenohumeral joint centre. This estimation was then validated 

across a series of overhead static postures in an MRI. The MRI validation of both the regression 
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equation and storing/reconstruction method makes Campbell and colleagues (2009b, 2009a) a 

comprehensive glenohumeral joint centre approximation method. 

The complexities of the shoulder girdle extend beyond recording the motion of the scapula or 

estimating relevant joint centres. Defining the recorded movements, and reporting them in a 

standardised manner presents additional complications. By calculating and describing human 

motion using hierarchical Euler/Cardan angles, joints capable of large rotations in multiple degrees 

of freedom are susceptible to gimbal lock (Rau et al., 2000; Šenk and Chèze, 2006). This is an error 

whereby two degrees of freedom (DoF) align, and the Euler/Cardan method employed to describe 

the movement fails mathematically (Figure 2.4). The incidence of gimbal lock can be reduced by 

choosing a specific rotation order based on likely ranges of motion for a targeted movement; 

however, every rotation order contains possible rotation combinations where gimbal lock can 

occur. Many rotation orders, such as the ISB-recommended shoulder rotation order of YZY, chosen 

for having a low incidence of gimbal lock during typical shoulder movements (Wu et al., 2005), can 

also produce non-intuitive rotation descriptions. This increases the complexity of reporting 

kinematics particularly in sporting and clinical applications (Reid et al., 2010). 

Another phenomenon to be considered when describing shoulder motion is Codman’s paradox 

(Codman, 1934; Martin, 1932). This paradox refers to the seemingly mysterious appearance of a 

longitudinal rotation during a series of non-longitudinal rotations at the shoulder joint. For 

example, if an individual begins with the arm fully extended by the side of the body, palm towards 

the midline; then performs +90° shoulder abduction, +90° shoulder flexion (the arm now be directly 

in front of the body with the palm facing downwards), and finally performs -90° shoulder extension, 

the arm will now finish back by the side of the body. However, the palm will now be facing 

backwards or rotated +90° about the long axis of the arm, despite the fact there was no 

longitudinal rotation performed. Though the ‘mystery’ has now been described (“when the long-

axis of the arm performs a closed-loop motion by three sequential rotations defined as Codman’s 

rotation, it produces an equivalent axial rotation angle about the long-axis.” Cheng, 2006, p. 1203), 

it remains an extra consideration and adds to the complexity of biomechanical description of 

shoulder motion. 

In summary, the modelling of the shoulder girdle and subsequently the glenohumeral joint remains 

troublesome to this day. Modelling the complexity of shoulder rhythm presents a daunting task, 

dependent on movement type and direction, joint loading, and the velocity/accelerations of 

movement performed. Whilst studies exist that validate the estimation of the glenohumeral joint 

centre in an overhead position (Campbell et al, 2009), they are limited to static poses, and it 

remains unknown whether the accuracy of these methods is maintained under dynamic conditions. 

Estimation of scapula orientation verified with in vivo experiments are often limited due to the 
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invasive techniques required for accurate bone tracking. Movements tested are usually restricted 

to sub-maximal ranges of motion, low-velocity execution and simplified (e.g. single plane of 

motion). Whilst these studies remain valid in their own right, how well their findings can be 

transferred to high velocity, multi-planar explosive movements, and the methods of motion 

capture to implement such modelling findings, remains unknown. This is particularly relevant 

during upper limb sporting actions, which can often comprise complex whole-body motion 

performed under maximum exertion. The limitations of shoulder modelling during such sporting 

movements can primarily be attributed to 1) the lack of biomechanical model validation during 

dynamic overhead movement and 2) the reliance on external markers with the abundance of soft 

tissue surrounding the shoulder girdle; particularly during overhead motion when scapular 

movement is greatest (Reid et al., 2010). 

 

Figure 2.4: Visualising gimbal lock. a) shows a typical Euler rotation series for an object, an arrow. The 
hierarchical nature of this process means that a rotation of the parent torus/DoF (y – green) will rotate 
everything below it, whilst a rotation of the x DoF (red) will rotate only the x, z and arrow. b) depicts a 90° 
rotation of the x DoF, resulting in the y and z DoF aligning. This becomes an issue if the following rotation 
does not match an available DoF, shown in grey in c). For describing rotations such as in motion analysis 
applications, the process fails at this point. In programming and animation applications, the movement to this 
desired orientation can be performed by rotating all three DoF simultaneously, however it results in a skewed 
and undesired object path (d). Images taken from The Guerrilla CG Project (2016). 
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The Elbow and Forearm 

Similar to gait research, there was a surge in interest towards understanding the elbow joint 

following World War II, as researchers looked to advance the functionality of upper limb prostheses 

(Taylor and Blaschke, 1951). A functioning elbow joint is imperative for independent living as it 

facilitates any contact with the head and face, notably for eating and drinking. Yet by the late 

1970s, there remained a paucity of quantitative data characterising elbow function (Chao and 

Morrey, 1978).  

The elbow joint differs from the shoulder in that the predominant motion occurs within a single 

DoF (i.e. FE). The FE axis of rotation at the elbow is generally accepted to pass through the centre of 

the trochlea and capitulum of the humerus (Deland et al., 1987, London, 1981, Youm et al., 1979), 

and is mechanically defined as a hinge joint (Figure 2.5). These two anatomical features cannot be 

tracked using external markers, and so it is common practice to use the positions of palpable 

anatomical landmarks, such as the medial and lateral epicondyles, to identify the elbow joint FE 

axis and associated joint centre.  

A distinctive feature of the elbow is that there are examples of it being modelled as both a two and 

three DoF joint. This is due to the unique nature of the abduction-adduction DoF (also known as the 

carry angle) between the forearm (i.e. ulna) and the upper arm (Figure 2.6). Many models constrain 

or ignore this degree of freedom and any movement in this plane when reporting elbow 

kinematics, essentially treating the elbow as a two DoF joint (Hingtgen et al., 2006; Rab et al., 2002; 

Raikova, 1992; Veeger and Yu, 1996). The justification for this is that consciously performing elbow 

abduction-adduction motion is not possible, and it is not under volitional control during dynamic 

motion. The counter-argument, for the inclusion of the abduction-adduction DoF, like those 

proposed by Lloyd et al. (2000) and Schmidt et al. (1999), is that although not under conscious 

control, there can exist laxity within the anatomical structure (particularly when in elbow flexion) 

that can result in some abduction motion when an external load (moment) is applied in some 

participants (Podgorski et al., 2012). An additional complication is that the abduction angle may 

(Deland et al., 1987; Gattamelata et al., 2007; Morrey and Chao, 1976; Youm et al., 1979) or may 

not (London, 1981) change in magnitude throughout the elbow’s large FE range of motion. Anglin 

and Wyss (2000) declare that although it may not technically be an active DoF, if there exists 

movement within the abduction-adduction plane, it should be considered and included when 

reporting the joint angles between the anatomical frames of the humerus and forearm.  

The ISB standard anatomical frame for the elbow (Wu et al., 2005) is based on the three DoF joint 

coordinate system originally developed for the knee (Grood and Suntay, 1983). Wu and colleagues 

acknowledge the elbow abduction-adduction DoF is passive and rarely reported, however they do 

not provide further advice. Importantly, Wu and colleagues (2005) do note that care must be taken 
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when defining an axis or vector using the smaller trans-epicondylar distance of the elbow, as 

shorter distances are more sensitive to errors in the definition of the FE axis and the subsequent 

downstream joint kinematic estimates (Figure 2.5).  

 

Figure 2.5: Anatomy of the elbow. a) identifies the four major landmarks of the distal end of the humerus. 
b) demonstrates how common practices such as identifying the elbow FE (between the medial and lateral 
epicondyles) and forearm PS (a line from the elbow to the wrist joint centre) axes of rotation may not 
necessarily correspond to the accepted anatomical definitions. 

As with the shoulder, there have been many methods proposed to estimate elbow joint centre 

position. Rab et al. (2002) proposed the use of a single marker placed on the olecranon process, 

with a simple offset function (determined from a single male adult) to define the elbow joint 

centre. The limited validation of this method is one probable reason it is rarely referenced in the 

literature. It is also not ideal to use an anatomical landmark such as the olecranon process as it is 

prone to skin sliding error if the elbow moves through a large range of motion. Hingtgen et al. 

(2006) also proposed the use of the olecranon process for defining the elbow joint which similarly 

has not observed wide adoption in the literature, likely due to the complicated regression 

equations employed. The use of the olecranon process again raises issues as the distance between 

it and the joint centre is small. This makes it highly sensitive to small errors in anatomical landmark 

identification. As previously mentioned, when small distances are used to define a vector, the 

likelihood and magnitude of orientation errors are exacerbated. This effect is compounded by the 

relatively large curved surface of the olecranon process (Della Croce et al., 2005). 
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Figure 2.6: The Carry Angle (θ). The angle of separation between the upper arm, defined between the 
shoulder and elbow joint centres (solid line) and the forearm, defined between the elbow and wrist joint 
centres (dashed line). Participant a) exhibits a much larger carry angle than participant b). 

Schmidt et al. (1999), Lloyd et al. (2000) and King and Yeadon (2012) all use the medial and lateral 

epicondyles rather than the olecranon process to define the elbow joint centre. This approach has 

the advantage that the vector defined by the two epicondyles can also be used to define the 

anatomical frame of the arm segment and simultaneously approximates the FE axis of the elbow. 

The approach used by King and Yeadon (2012) leaves markers affixed to the elbow during dynamic 

trials, positioned to bisect the distal end of the humerus, while Schmidt and colleagues (1999), and 

Lloyd and colleagues (2000) use CAST to track the virtual positions of the epicondyles within 

technical reference frames embedded in the upper arm segment. Research by Middleton et al. 

(2009) and Eftaxiopoulou et al. (2013) have both recommended that marker clusters be placed as 

close as possible to the axis of interest, such that there may be multiple marker clusters per 

segment (Figure 2.7).  

 Chin et al. (2010) built upon the initial upper limb CAST framework of Lloyd and colleagues (2000) 

by proposing a functionally defined helical axis to describe the elbow FE axis and joint centre. 

Briefly, the mathematical definition is described as the point upon the helical axis which is 

orthogonal to the mid-point of the medial and lateral epicondyles. A benefit of a functional FE axis 

definition is it removes potential orientation error that may occur with marker-defined axes (Figure 

2.5). Another benefit is the vector defining the functional axis can be stored in the existing upper 

arm technical frames, so no additional markers are required. Functional axis definition has become 

a popular modelling choice in both lower (Besier et al., 2003; Camomilla et al., 2006) and upper 

limbs (Chin et al., 2010; Stokdijk et al., 2000), as the mathematical approach removes some of the 

inherent subjectivity involved with anatomical landmark identification. 
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Figure 2.7: The more proximal triad of the upper arm (pUA) is traditionally where a marker cluster would be 
located to virtually store upper arm anatomical landmarks with CAST (Schmidt et al., 1999; Lloyd et al., 2000). 
When research indicated a triad placed closer to the joint of interest provides better tracking during dynamic 
movements, an additional distal cluster was suggested (dUA) specifically for tracking elbow anatomical 
landmarks (Middleton et al., 2009; Eftaxiopoulou et al., 2013).  

The other active DoF at the elbow is pronation-supination. The position of the pronation-supination 

axis is generally described to run from the centre of the head of the radius to the distal aspect of 

the ulna (Anglin and Wyss, 2000; Morrey and Chao, 1976; Veeger and Yu, 1996; Youm et al., 1979), 

although due to the lack of reference anatomical landmarks and to facilitate simpler modelling, the 

pronation-supination axis is often defined as the longitudinal axis of the forearm (elbow joint 

centre to wrist joint centre). Models targeting high bio-fidelity may introduce additional degrees of 

freedom to accommodate the deceptively complex motion, such as ulna axial displacement and 

swaying (Gattamelata et al., 2007) or ulna evasive movement (Weinberg et al., 2000). Due to this 

complexity, some models adopt a closed-loop approach (Laitenberger et al., 2015), although 

Duprey et al. (2016) note that a simpler open-loop model may offer a reasonable compromise 

between accuracy and practicality. Unless pronation-supination was specifically targeted for highly 

precise measurement, an open-loop model should be sufficient for reporting elbow joint 

kinematics. 
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Although consensus is to abide by the ISB recommendations, how anatomical landmarks are 

tracked/stored and reconstructed to define these anatomical reference frames remains laboratory-

dependent. Two general types of external marker configuration are available to researchers in the 

upper limb modelling literature; those that track anatomical landmarks of the elbow using 

externally affixed markers left in-place during dynamic trials (King et al., 2012; Rab et al., 2002), and 

those which store anatomical landmarks and/or functional axes of rotation relative to technical 

frames embedded away from joint axes of rotation (CAST) (Chin et al., 2010). Due to the 

overarching issue of STA, it is suspected that marker configuration choices will impact kinematic 

estimates of the upper limb; however, the nature and extent of these effects when modelling 

dynamic overhead tasks is not well understood.  

2.4. Inverse Kinematics Modelling 

To this point in the literature review, references to markers have solely referred to externally 

affixed kinematic markers placed upon a participant/patient’s body during marker-based 

motion capture, and their recorded 3D trajectory data. The following chapter will introduce 

two more ‘marker’ types, and in clarification: 

• Markers: will continue to refer to the physical kinematic markers externally affixed to a 

participant during motion capture;  

• Experimental marker data: is predominantly the 3D trajectories of externally affixed marker 

positions recorded during motion capture within the global reference frame, however it 

may also contain user-generated data, such as positions stored within technical frames or 

modelled joint centre information;  

• Virtual markers: refer to the markers within a skeletal model, which are required to solve 

for an inverse kinematics (IK) solution. To perform IK, virtual markers within the skeletal 

model must have a matching labelled counterpart within the experimental marker data. It 

is the least squared fit between pairs of virtual skeletal markers and experimental marker 

data which underpins the global optimisation procedure that drives the IK solution (Figure 

2.8). 
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Figure 2.8: Experimental markers, typically represented blue (a) in OpenSim, and virtual musculoskeletal 
model markers, in pink (b). Experimental marker data may contain experimentally recorded external markers 
and positions calculated within the same global reference frame prior to the data being imported into IK 
modelling software (for example DK modelled joint centres or positions virtually tracked using CAST). Virtual 
markers are rigidly attached to the anatomical frames of the musculoskeletal model. 

Kinematic modelling can be performed through several approaches, driven by the data available 

and research question asked. The DK method previously discussed is the most widely used for 

estimating human kinematics, however as stated previously, this approach is highly susceptible to 

systematic errors introduced by STA. Forward kinematics is commonly used for in-silico analyses 

(computer simulation) or robotics, as it takes known joint kinematics to prescribe a specific pose to 

an articulated figure. Forward kinematics has limited application in the analysis of human motion 

data, as underlying joint angles are generally the dependent variables to be solved for from 

recorded motion capture data.  

The IK modelling approach is gaining popularity with bioengineers and biomechanical researchers 

as it proposes to address the systematic error introduced by STA. An IK modelling approach begins 

with an articulated figure – a musculoskeletal model – and estimates a set of joint angles (i.e. 

generalised coordinates) to match an experimentally recorded configuration (Zhao and Badler, 

1994). This may be of interest to investigators during the kinematic modelling of high-velocity 
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dynamic tasks, as the use of a predefined, articulated skeletal model (representing a human or part 

thereof) is believed to mitigate the effects of STA by maintaining segment lengths and joint 

integrity (no joint dislocation) (Lu and O’Connor, 1999; Roux et al., 2002). To date, IK has been used 

to investigate a range of human movement patterns, including change of direction running 

manoeuvres (cutting) (Donnelly et al., 2012; Robinson et al., 2014), single leg landing (Morgan et 

al., 2014) and overhead throwing (McConnell et al., 2011; McConnell et al., 2012).  

Inverse Kinematic Modelling Theory 

Inverse kinematic analyses are widely used in robotics and computer animation, where rigid 

articulated figures (both virtual and physical) are commonplace tools. In robotics, IK has become a 

valuable device for solving path planning for hyper-redundant (excessive number of DoFs) robotic 

arms, allowing for flexible operation in complex and unstructured environments (Lanteigne, 2011, 

Wang, 2006), as well as with manipulators possessing more anthropomorphic characteristics 

(Tarokh et al., 2010). Driven by the demand for more natural-looking movements, animation 

techniques for entertainment purposes now heavily incorporate experimentally recorded motion 

capture data (Ong and Hilton, 2006, Zhao and Badler, 1994). As a gross generalisation, animators 

aren’t specifically interested in obtaining accurate joint angles: their primary objective is to have an 

articulated figure/render grossly characterise human or animal motion. For scientific investigations, 

accurate and reliable methodologies are prioritised over visual aesthetics. As such, the scientific IK 

modelling process must be sensitive and robust enough for valid, reliable motion analysis as is 

required for disease diagnosis, injury monitoring/prevention or high-performance technique 

analysis. 

In early studies of the IK method for human motion analysis, each segment of the skeletal model 

was considered separately (Cappello et al., 1996; Challis, 1995; Charlton et al., 2004; Chèze et al., 

1995; Spoor and Veldpaus, 1980; Veldpaus et al., 1988). This technique was termed segment 

optimisation, where each segment was independently optimised to fit the experimental data. One 

benefit of this optimisation technique is that both inter- and intra- tester repeatability has been 

shown to be comparable with, and sometimes exceed, other modelling techniques. Charlton et al. 

(2004) compared optimisation with a version of the Newington-Helen Hayes model known as the 

Vicon Clinical Manager (a DK modelling approach) in a series of trials on the lower limb, for both 

between-tester and between-session conditions. The segment optimisation technique produced 

more consistent results, with lower standard deviation in joint centre determination (standard 

deviation for segment optimisation: 1.2-4.5 mm vs. Vicon Clinical Manager: 0.6-27.8 mm). 

Between-session segment length also differed significantly, with the greatest differences during 

optimisation of 7.5 mm compared with 14.57 mm for Vicon Clinical Manager, and between-tester 

results show segment optimisation ranging from 2.4 - 12.9 mm difference versus 6.7 - 14.6 mm for 
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Vicon Clinical Manager. However, by considering each segment independently, excessive joint 

translation remained an issue. 

Lu and O’Connor (1999) furthered the investigation of optimisation for use with human motion 

analysis through two adaptions; the application of joint constraints between segments, and fitting 

all segments simultaneously (global optimisation). They examined two IK modelling approaches: 

one incorporating the segment optimisation, the other global optimisation routines. These 

solutions, along with outputs obtained from an established DK model (Bell et al., 1990; Cappozzo et 

al., 1995) were compared with known ground truth values. Through the analysis of simulated gait 

trials, the global optimisation technique was shown to be superior to both the segment 

optimisation method and traditional DK methods in the estimation of hip joint centre position, with 

the average distance to true hip joint centre reported being 0.3 cm, 1.3 cm and 2.8 cm respectively. 

Similar values for all three approaches were reported for the knee (0.3 cm, 0.4 cm, 0.3 cm) and 

ankle joint centre (0.3 cm, 1.2 cm, 0.4 cm) positions. The authors attributed the increased accuracy 

of the global optimisation method during simulated dynamic tasks to the unique parameters of the 

skeletal model (rigid links/joint constraints and fixed segment lengths) preventing joint translations 

and mitigating the effects of STA. Similarly, promising results were found in the application of 

global optimisation to upper limb modelling (Roux et al., 2002), particularly elbow kinematics. This 

study only investigated rotations of the long axes of the upper limb (shoulder internal-external 

rotation, elbow pronation-supination), though it did reinforce the findings of Lu and O’Connor 

(1999) that these results were likely attributed to the mitigation of errors characteristic of STA 

influence. Of note is that both Roux et al. (2002) and Lu and O’Connor (1999) performed these 

analyses in silico with artificially constructed noise introduced into experimentally recorded data. In 

vivo or ex vivo validation studies have yet to be performed. 

One study which did not find in favour of a global optimisation approach was that of Stagni et al. 

(2009). They reported knee kinematics estimated from marker data using a global optimisation 

contained much greater root mean squared error values (10° rotations, 10-15 mm translations) 

than a double calibration procedure (Cappello et al., 2005) (1-2°, 1-3 mm) when compared with 

gold standard fluoroscopy results. Unlike previous studies, Stagni and colleagues’ (2009) research 

was performed in vivo, however only two elderly females who had undergone knee replacements 

were tested, limiting the applicability of findings to other populations. Bonnet et al. (2017) 

reported a global optimisation method to be equally accurate as an extended Kalman filter 

approach, both returning 2.0° root mean square difference for lower limb joints (to gold standard 

values). With the introduction of a STA model (Camomilla et al., 2015), the extended Kalman filter 

outputs improved (root mean square 1.7°), whilst the global optimisation method regressed slightly 
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(2.1°), leading to the recommendation of the former. The researchers do not make it clear why 

they believe the addition of a STA model to global optimisation method would be of benefit, given 

the STA compensation has previously been reported as inherent given the constraints. 

Naaim et al. (2017) reported no advantage in using global optimisation over segment optimisation 

at reducing STA of scapula kinematics, though they acknowledge further work was required due to 

a sample size of only one. Naaim et al. (2015, 2017) specifically investigated whether IK with global 

optimisation– alternatively termed multibody kinematics optimisation – reduced STA more than 

segment optimisation when calculating shoulder and scapula kinematics. Whilst global optimisation 

was shown to be greater at mitigating STA in the lower limb than segment optimisation by reducing 

displacements or excessive translations, this comparison had not yet been tested for the upper 

limb with the unique shoulder girdle and scapula. When compared with scapula kinematic values 

calculated from bone-mounted pins, global optimisation was not more accurate than a segment 

optimisation routine. This may be due to the unique nature of the scapulothoracic joint which 

defies usual joint descriptions and actually requires excessive translation to match observed 

physiology. Naaim et al. (2017) do acknowledge that this modelling consideration would not be 

compatible with musculoskeletal modelling, which requires a kinematic chain without joint 

translations. This perhaps indicates that due to the complexity of the shoulder girdle, IK solutions 

may require a combined global and segment optimisation approach, with established constraints 

for well-defined joints such as the elbow (Chapter 2.3. The Elbow and Forearm) and six-DoF joints 

where appropriate (for example a theoretical thoraco-humeral joint, Chapter 2.3. The Shoulder). 

Regardless of the modelling approach employed, there remains a level of ambiguity concerning the 

function of the shoulder complex, limiting the known accuracy of existing methodologies.  

Other considerations when modelling the shoulder girdle include thorax scaling and 

inclusion/exclusion of the conoid ligament constraint (Prinold et al., 2014), and marker weightings 

during the global optimisation routine (Begon et al., 2015). The compiled work investigating the use 

of IK, along with newly released models such as Seth et al. (2016), may eventually allow 

comprehensive skeletal modelling to take place incorporating the shoulder girdle. Unfortunately, 

given the difficulty in capturing the movement of these structures using external markers, 

additional work must be undertaken before this can be realised. Finally, data quality may impact 

the modelling choices to be made. For example, incomplete or unreliable data may benefit from a 

global optimisation approach’s capacity to reduce noise, but this assumes that the musculoskeletal 

model being used is of sufficient quality. The musculoskeletal model must adequately represent the 

true skeletal constraints, or it will introduce greater errors than a segment optimisation or 

traditional DK modelling approach. Methods for quantifying musculoskeletal model quality for use 

with IK are yet to be explored.  
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Inverse Kinematics within OpenSim 

Performing an IK modelling routine requires either advanced programming knowledge or software 

designed for such a purpose. The musculoskeletal modelling framework OpenSim (Delp et al., 2007) 

is a software package that has garnered a following with those interested in modelling human 

motion for two major reasons: it is open-sourced and freely available; and, it offers a simple, visual 

user interface for complex modelling procedures such as IK and inverse dynamic functions.  

To perform IK modelling within OpenSim, two data files are required. The first is a template skeletal 

model, containing the mathematical definition of the segments of interest, joint constraints and a 

list of virtual markers. The second is experimental data, containing the experimentally derived time 

varying marker trajectories. For IK to be performed, some or all the experimental marker names 

must match virtual marker names within the skeletal model. The OpenSim IK routine can then use 

global optimisation to calculate a solution.  

The mathematical approach used within OpenSim is to constrain the global optimisation routine 

using a weighted least squared distance approach (Lu and O’Connor, 1999; Delp et al., 2007), that 

minimises the Euclidian distance between a virtual marker of the skeletal model (xi) and the 

corresponding experimental marker data (xi
exp) (Equation 2.1). Although alternative mathematical 

approaches, such as the Mahalanobis distance (Charlton et al., 2004), exist; the weighted least 

squared distance approach is the most widely adopted. The weighting aspect refers to the ability to 

prioritise virtual markers for least squared fitting using a unit-free integer allocation. For example, a 

marker on the acromion process might be weighted lower than a marker cluster on the upper arm 

given the propensity of the acromion process to be affected by skin slide. Regardless of the 

mathematical process chosen, an IK solution is achieved by adjusting the skeletal model’s 

generalised coordinates (i.e. joint angles and segment positions) until the mathematically defined 

conditions are best satisfied. 

2
exp )(min qxxw ii

mkrsi
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Equation 2.1: OpenSim’s inverse kinematic mathematical approach, where i = each marker; w = weighting 
assigned to that marker; xi

exp = marker position in experimental data; xi = marker position in OpenSim model; 
and q = the function of the joint angles/coordinates 

Model Preparation for use with Inverse Kinematics 

Before the IK modelling process can be performed, a generic skeletal model must be customised to 

match the participant and laboratory-specifications. This process, herein referred to as ‘model 

preparation’, involves two distinct steps: 1) scaling – adjusting the skeletal model’s geometry 
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(segment lengths and inertial properties) to match the participant’s anthropometry (Figure 2.9), 

and 2) marker registration – where virtual markers are mapped to match corresponding 

experimental marker data positions. During the IK modelling process, both segment lengths and 

virtual marker positions (within a segment reference frame) are fixed. The segments with virtual 

markers attached are then manipulated through adjustment of the skeletal model’s generalised 

coordinates to ‘best fit’ the experimental marker data on a frame-by-frame basis. As such, the 

success and accuracy of IK modelling solutions rely on performing the model preparation to the 

highest fidelity possible. Marker registration errors, such as misplacement within a segment 

reference frame, may result in downstream non-linear offsets in joint angle calculations. To the 

knowledge of the author, there exists very limited literature investigating model 

preparation/marker registration and its effect on IK solutions for the upper limb, or for human 

participants with experimentally derived kinematics.  

 

Figure 2.9: The segment scaling process. A generic template model is adjusted to match the dimensions of 
each unique participant. The final scaled model (d) goes on to the marker registration phase of model 
preparation. 

The seminal manuscript introducing OpenSim to the field of biomechanics and bioengineering (Delp 

et al., 2007) only briefly addresses the issue of model preparation (collectively referred to as scaling 

in that publication), whilst marker registration was not specifically mentioned nor addressed at all. 

This trend continues throughout the literature, with little detail to be found within published 
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manuscripts on the methods used to prepare models prior to use within the OpenSim framework, 

where IK is one of many available computational tools. Indeed, most studies specify only that the 

selected skeletal model was scaled to participant-specific markers or joint centres (Donnelly et al., 

2012; Morgan et al., 2014; McConnell et al., 2011; Seth et al., 2016), whilst others (Lathrop et al., 

2011) cite some form of manual scaling. Nowhere in the peer-reviewed literature are there 

specifications regarding marker registration supplied, indicating that either accepted practice is to 

exclude details, or that the potential impact of this process is not fully appreciated or researched. 

Lathrop et al. (2011) is one study which does address the issue of model preparation, comparing 

lower limb kinematic estimates from a point cluster technique (a DK model) (Andriacchi et al., 

1998) with estimates calculated from several IK permutations. Differences in knee kinematics were 

found, predominantly in the form of waveform offsets. Root mean square differences between IK 

permutations in knee angles for FE (mean = 4.8 ±2.5°, max = 15.6°), varus-valgus (mean = 3.1 ±2.5°, 

max = 14.7°) and internal-external rotation (mean = 7.7 ±5.1°, max = -23.1°) would be considered 

clinically significant. Lathrop and colleagues (2011) identify the differences between participant-

specific and generic skeletal model bone geometry as potential sources of error, resulting in a 

misalignment of anatomical reference frames and subsequent kinematic estimates (Figure 2.10). 

The preparation of the skeletal model, where virtual model markers were manually registered, was 

isolated as another likely source of the observed differences and acknowledged as potentially 

introducing user error. The skeletal model knee joint was also decoupled to allow for six degrees of 

freedom, matching the point cluster technique DK approach. This modelling consideration removed 

one of the rationales for using an IK approach, which is to maintain joint constraints and remove 

the influence of one of the errors characteristic of STA (Lu and O’Connor (1999). The researchers 

acknowledged that there was no gold standard measurement to assess accuracy, stating that the 

purpose was to determine if differences between modelling techniques were observed rather than 

from a true reference, and recommended that future research should incorporate more 

participant-specific information during model preparation.  

A pilot study by Dunne et al. (2013) investigated the impact of different marker registration 

techniques during model preparation, and compared a common practice manual approach with an 

automated prescribed approach (termed prescribing coordinates). Specifically, the automated 

prescribed approach allowed for participant-specific generalised coordinates/joint angles to be 

mapped on to the model during marker registration, which was shown to improve IK-derived 

estimates of an actuated robot’s lower limb kinematics during gait. For this study, the inbuilt joint 

sensors of the robot provided the ground truth generalised coordinates/joint angles for the marker 

registration process. Through this approach, the authors showed that manual user-based marker 



 

46 

registration introduced errors that resulted in significant inter-tester kinematic differences for all 

six lower limb DoFs tested, and that prescribing participant-specific generalised coordinates/joint 

angles during marker registration produced more accurate joint angle and moment estimates. A 

similar investigation is yet to be extended to human motion data modelling.  

 

 

Figure 2.10: Examples of how differences in participant and generic skeletal model geometry can result in a 
misalignment of anatomical reference frames. a) shows theoretical examples of participant-specific bone 
geometry, b) the generic skeletal model bone geometry used within OpenSim, c) the limitations of the scaling 
tool resulting in anatomical reference frame misalignment. Image taken from Lathrop et al. (2011). 

In summary, whilst IK modelling approaches are gaining popularity amongst human movement 

researchers, the current literature fails to sufficiently report methodological information regarding 

preparation of the skeletal models used for kinematic modelling; particularly with respect to 

marker registration. Lathrop et al. (2011) identified model preparation as a likely source of 

variation in the IK modelling solution due to the misalignment of anatomical reference frames, 

suggesting greater individualisation of skeletal models to participant measurements may minimise 

this error. The lack of detail regarding marker registration methods presents difficulties for 

subsequent researchers to replicate or compare results. Whilst this could be a simple oversight, it is 

also likely that the lack of peer-reviewed research describing the marker registration process 

reflects our current understanding of the process and its relative importance in the context of 

kinematic and kinetic modelling. Dunne et al. (2013) proposed a potential methodology involving 

prescribing known joint coordinates during marker registration; which, although producing 

promising results, is yet to be verified among human participants or the upper limb.  
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2.5. Magnetic and Inertial Measurement Units: Wearable Motion Capture Technology 

Marker-based motion capture systems, while highly developed and widely adopted, do have 

limitations. The requirement of markers to be located upon soft tissue, and subsequent STA during 

dynamic motion, has already been discussed; but this issue is common to all non-invasive or non-

radioactive motion capture technologies. Issues unique to marker-based motion capture include 

camera calibration, moderate camera capture volume and range (approximately 10 cameras can 

capture 20 m3), extensive processing of marker data, and marker occlusion (Chiari et al., 2005). 

Many attempts have been made to combat marker occlusion (Aristidou et al., 2008; McClelland et 

al., 2010; Qiong and Boulanger, 2011), however other than optimising camera placement and 

increasing the number of cameras, a definitive solution is yet to be presented. Marker-based 

motion capture systems tend to be expensive investments from both cost and laboratory space 

perspectives, and correct use of the equipment and software requiring specialised training.  

Arguably the greatest shortfall of stereo-photogrammetric motion capture is the ecological validity 

of the data collected. The use of highly sensitive photography equipment restricts testing to 

laboratories, except for recent systems like the Vicon T40 and Vantage cameras, which can perform 

limited outdoor motion capture. Elliott and Alderson (2007) cite a trade-off between the accuracy 

of marker-based systems and the ecological validity of systems capable of motion capture infield. 

Wearable, multi-sensor measurement systems (comprised of combinations of accelerometers, 

gyroscopes, magnetometers) such as magnetic and inertial measurement unit (MIMU) systems 

now present an opportunity to mitigate some of the limitations of marker-based motion capture 

technologies, notably allowing infield motion capture. 

The ability to micro-engineer ever-more sensitive quantitative sensor instruments has resulted in 

decreasing cost, size and power requirements for MIMU systems. Concurrently, sensor capacities 

and accuracy are improving, and with the addition of other innovations such as wireless data 

transfer and advanced filtering and signal processing techniques, there are many advantages to 

adopting multi-sensor systems for human motion analysis.  

Luinge and Veltink (2005) provide a comprehensive summary of the development of micro-sensors 

to the multi-sensor units we are familiar with today. By combining data from various sensor types 

via fusion algorithms, it is possible to produce more robust information than that of a single sensor 

type. For example, rate of turn gyroscopes can estimate orientation, but the measurement drift 

associated with these sensors is a well-recognised issue (Luinge and Veltink, 2005). Using a 

combination of accelerometer and rate gyroscope data have been shown to produce much more 

reliable change in orientation estimates (Baselli et al., 2001; Luinge and Veltink, 2005; Zhu and 
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Zhou, 2004). By combining known rotations with a known starting orientation (magnetic heading 

readings from magnetometers), calculating position and orientation becomes possible, though care 

must then be taken to perform data capture free of ferromagnetic disturbances (Picerno, 2017). 

Many studies have used MIMU (or similar) systems to collect data in a range of sports (Chambers et 

al., 2015; Espinosa et al., 2015): running (Norris et al., 2014), cricket (Wixted and Portus, 2011), 

snowboarding (Krüger and Edelmann‐Nusser, 2009), swimming (Davey et al., 2008; Callaway et al., 

2009; Rowlands et al., 2013) and golf (King et al., 2008; Ghasemzadeh et al., 2009). There have also 

been clinical applications such as gait (Little et al., 2013; Picerno, 2017; Sabatini et al., 2005; Saber-

Sheikh et al., 2010; Tao et al., 2012), posture (Bonnet et al., 2012; Boonstra et al., 2006) as well as 

within occupational settings (Faber et al., 2009; Zhou et al., 2008). Whilst some of this research has 

been expanded upon in the following section, it was not within the scope of this literature review 

to detail all the methodologies proposed for employing MIMU sensors in sport and clinical settings. 

Rather, these various studies demonstrate the potential of sensor-based measurement systems for 

human motion analysis, but also serve to highlight an overriding limitation of the technology, one 

of standardising results, i.e. participant-specific, anatomically referenced kinematic measurements. 

Due to the difficulty in reporting standardised kinematics, researchers have utilised MIMU data to 

report single segment pose (lower trunk orientation, Bonnet et al., 2012), measure individual 

segment velocities/accelerations (King et al., 2008; Wixted and Portus, 2011), and identify gait 

events such as foot contact and toe off (Little et al., 2013). Without kinematic measures such as 

participant-specific joint angles, pragmatic limitations are placed on these technologies within 

clinical and applied research settings which require measurement tools to be sensitive enough to 

identify small modifications or deviations in a participant’s movement patterns (Cereatti et al., 

2015; Schwartz et al., 2004). This is most relevant for test-retest and cross-sectional research 

designs. Without participant-specific anatomically referenced measurement, practical limitations 

are also placed on researchers interested in comparing a participant’s movement patterns to 

normative or typically developing patterns, an important component of injury screening and clinical 

assessments. 

Descriptive Kinematic Modelling with Magnetic and Inertial Measurement Units 

Obtaining standardised kinematic data can be achieved with MIMU system data through the 

calculation of segment based anatomical frames, similar to marker-based modelling approaches 

(Cappozzo et al., 1995). Though seemingly straightforward and intuitive, the calculation of 

anatomical frames requires knowledge of the position and orientation of a participant’s bony 

geometry, which is difficult information to obtain from a single MIMU. One approach to obtain 

participant specific bony geometry is to align a sensor unit axis to a segment’s anatomical axis, or to 

align a segment anatomical axis to a known vector (e.g. gravity) (Bouvier et al., 2015). Both 
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approaches rely on subjective positioning by the tester or participant, potentially reducing the 

repeatability of the anatomical axes identified (Cereatti et al., 2015). Alternative solutions vary 

greatly in the approach used and modelling processes required. Identification of anatomical 

landmarks allows for axes of rotation to be defined for segments of interest, but rely on specially 

engineered and adjustable purpose-built calibration devices (Picerno et al., 2008). Optimisation 

techniques can be used (Koning et al., 2015; Perez et al., 2010; Zhou et al., 2008), but require 

additional measurements to define the constraints of the process (i.e. segment lengths). Imposing 

joint constraints (Luinge et al., 2007; Seel et al., 2014) have the benefit of being easily 

implemented, requiring no additional devices or measurements, but are limited in their application 

to joints with two or less DoF, and are less robust when considering non-parallel hinge joints like 

the ankle (Cereatti et al., 2015).  

Functional methods for defining participant-specific axes of rotation is an established method 

within the modelling literature. However, before functional axes can be calculated with MIMU 

devices, the sensor unit-to-segment orientation must be known. In theory, this is easily achieved by 

the participant assuming a pre-defined reference posture with the body segments in known poses, 

allowing for the mathematical alignment of each MIMU to the anatomical frame of the segment.  

A protocol proposed by Cutti et al. (2008) had participants perform a standing reference posture 

with both arms alongside the body. Standard functional trials for identifying the FE and pronation-

supination were then performed and axes of rotation mathematically defined whilst the upper arm 

remained alongside the body, (Stokdijk et al., 2000). Using a single participant, they tested six tasks 

of single axis shoulder or elbow movement and compared calculated kinematics with those from a 

marker-based model (where markers were mounted on MIMUs). Root mean square error of <3.6° 

was found for the target joint angle of each movement. Although presenting promising results, the 

use of a single participant with only simple, single axis movements, limits this protocol from being 

adapted to more complex multifaceted movement such as those observed in sport. 

De Vries et al. (2010) investigated functional calibration methods for defining anatomical reference 

frames, specifically testing which axes of rotation of the upper limb provided the lowest intra- and 

inter-tester variation. They identify primary and secondary functional movements for each segment 

(thorax, upper arm, forearm, hand) based on the lowest dispersion (highest repeatability) of 

rotation axis orientations. The functional movements for the elbow (forearm rotating relative to 

the upper arm) were pronation-supination with the ulna fixed to prevent translation (primary), and 

elbow FE with both arms simultaneously holding a stick (secondary). Both movements were 

performed with the elbow supported on a table while avoiding the extreme ends of motion ranges. 

Although the study found large differences between marker-derived anatomical frame orientation 
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and MIMU-derived frames (for the upper arm), the MIMU-derived frames were shown to be 

repeatable. The authors acknowledged several limitations, notably that any attempt to estimate 

shoulder kinematics is restricted to using regression equations (recommending De Groot and 

Brand, 2001), which is only applicable to healthy participants. Also, the elbow FE movement 

required a stick support, although proposed to limit lateral sway, may induce pronation-supination 

to maintain grip. The study focuses primarily on identifying the functional movements for 

calculating anatomical reference frames and subsequent differences in joint angle estimates when 

comparative anatomical frames do not align, so further investigation is required to assess how the 

recommended anatomical frame definitions can model more complex and high-velocity 

movements. 

Galinski and Dehez (2012) investigated two MIMU system calibration procedures capable of 

defining upper limb participant-specific anatomical frames. The first used the gravity vector and a 

single functional vector, the other used two functional vectors. Both approaches required the 

participant to be placed in a ‘neutral standing’ reference posture with the arms alongside the torso 

to provide initial sensor orientations. This study employed a mechanical linkage representative of a 

human arm, comprising a thorax, upper arm, forearm and hand, each with a MIMU attached. Each 

joint contained a sensor capable of providing ground truth angles for comparison. Similar to 

previous studies, the neutral standing reference stance allows the gravity vector to estimate the 

longitudinal axes of the segments, although a mechanical linkage may be easier to align vertically 

than human participants with soft tissues and the potential of joint abnormalities. Galinski and 

Dehez concluded the functional axes only method is less likely to be affected by imperfect 

initialisation conditions (i.e. arm not correctly aligned with the gravity vector) and, providing 

participant ability allows, is the recommended procedure for defining anatomical reference frames. 

The study is limited without testing on human participants; but the mechanical linkage testing 

provides justification for the use of functional axes for calculating anatomical reference frames. 

Ligorio et al. (2017) presented a novel four-step calibration procedure for estimating elbow 

kinematics with a MIMU system. Unlike previous methods, their protocol did not require the arm 

to maintain orthogonality with the ground whilst performing the calibration procedures, increasing 

the robustness of the calibration. The proposed calibration involved 1) upper arm internal-external 

rotation, 2) forearm pronation-supination, 3) elbow FE, and 4) a static trial in the neutral standing 

posture. Following calibration, the participants (n=15) performed five one-dimensional motions 

consisting of variations in elbow FE and pronation-supination. This was repeated for three sessions, 

with an emphasis in the final session of introducing variability into the calibration trials to test 

robustness. The proposed MIMU protocol was found capable of estimating elbow FE and 

pronation-supination to about 4° of the criterion measure marker-based modelled values, 

regardless of the introduced variation in the calibration procedure. This study presents a 



- Review of the Literature 
 
 

51 

thoroughly tested protocol and identifies and addresses previously established issues surrounding 

increased calibration robustness.  

The above four studies (Cutti et al., 2008; de Vries et al., 2010; Galinski and Dehez., 2012; Ligorio et 

al., 2017) are examples of functionally defined elbow models for MIMU motion capture. Ligorio et 

al. (2017) present the most comprehensively tested model, yet it still relies on the neutral standing 

reference posture (arms perpendicular to the ground/gravity vector, Figure 2.11) for defining joint 

angle zero configurations. This method has potential limitations for persons with elbow 

abnormalities, most notably fixed static elbow flexion or hyperextension. The reference pose is 

used to define the sensor orientations to the segments. To do so it assumes the participant pose 

matches the defined reference stance absolutely (i.e. both segments vertical, 0° elbow flexion). It is 

from this ‘known’ pose that the subsequent angles are calculated. What this means is if a 

participant is unable to assume this initial pose (for example somebody with fixed elbow flexion) all 

elbow flexion calculations will be affected by an initial offset.  

The strengths of using a MIMU motion capture system are the non-visual nature of data collection 

(no marker occlusion) and the ability to capture data infield, away from controlled laboratory 

conditions which improve the ecological validity of the motion capture data. These two 

characteristics make MIMU systems the ideal candidate for recording highly dynamic and complex 

sporting movements. The analysis of sports movement requires anatomically referred kinematics, 

such as joint angles, to facilitate both inter- and intra-participant comparisons. There exist many 

examples of MIMUs being used within sporting contexts (Chambers et al., 2015; Espinosa et al., 

2015), and several proposed models able to calculate anatomically referred kinematics, but rarely 

have the two been combined. Any protocol to be used for high-velocity sporting movement 

analysis requires a robust, well-defined calibration procedure that can be performed simply and 

infield. Ideally the protocol will allow for large-scale data collections, but most importantly future 

research must establish MIMU modelling procedures powerful enough to provide accurate, reliable 

and anatomically referenced kinematic data. 

2.6. Summary  

Upper limb modelling practices are not as thoroughly researched as the lower limb, where much 

pioneering skeletal modelling work has been performed. Some lower limb modelling practices – 

such as Grood and Suntay’s (1983) reference frame system and CAST-enabled marker 

configurations – have been adapted for the upper limb without undergoing rigorous investigation. 
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This is particularly poignant for dynamically modelling overhead sporting actions, where definition 

and dynamic tracking of the shoulder girdle movement remain problematic. 

 

 

Figure 2.11: Sagittal view of an arm by the side/torso pose commonly used to align MIMU unit technical 
frames to anatomical axes by measuring the gravity vector. The human also has a marker set attached. 

The use of IK modelling approaches in the biomechanics community is increasing, but there 

remains much to learn about the accuracy and repeatability of this relatively new, novel modelling 

approach. Prior to performing IK, a skeletal model must be prepared to match the participant 

whose data was recorded. Though recognised as an important step in the IK modelling process, 

there is no consensus on how to perform marker registration during model preparation. This places 

practical limitations on replicating results or answering test-retest related research questions.  

Whilst marker-based motion capture will remain the biomechanists’ benchmark for the foreseeable 

future, there is a growing demand for motion analysis technology that can provide accurate and 

reliable motion capture with greater accessibility and flexibility. Modern MIMU systems have ever-
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increasingly accurate onboard sensors, and allow motion capture to be performed unconstrained 

to a controlled laboratory environment. The challenge lies in modelling this data to provide 

participant-specific anatomically meaningful joint kinematic information. Whilst there do currently 

exist protocols for such modelling procedures in clinical and motor control literature, a protocol to 

model complex, functional movements, such as those observed in sport is yet to be established.  

The upper limb modelling literature contains a range of modelling approaches; yet perhaps due to 

the rapid advancement of these options, fundamental gaps surrounding basic methodological 

issues remain. Addressing these issues would allow upper limb modelling practice knowledge to be 

consolidated, perhaps allowing for the addressing of larger issues such as STA, and the 

development of real-time infield motion analysis.



- Review of the Literature 

 
 

2.7. References 

Aginsky, K. D. & Noakes, T. D. 2010. Why it is difficult to detect an illegally bowled cricket delivery with either 

the naked eye or usual two-dimensional video analysis. British Journal of Sports Medicine, 44, 420-425. 

Akbarshahi, M., Schache, A. G., Fernandez, J. W., Baker, R., Banks, S. & Pandy, M. G. 2010. Non-invasive 

assessment of soft-tissue artifact and its effect on knee joint kinematics during functional activity. Journal of 

Biomechanics, 43, 1292-1301. 

Andersen, M. S., Damsgaard, M., Rasmussen, J., Ramsey, D. K., & Benoit, D. L. 2012. A linear soft tissue 

artefact model for human movement analysis: Proof of concept using in vivo data. Gait & Posture, 35(4), 606-

611.  

Andriacchi, T. P., Alexander, E. J., Toney, M. K., Dyrby, C. & Sum, J. 1998. A Point Cluster Method for In Vivo 

Motion Analysis: Applied to a Study of Knee Kinematics. Journal of Biomechanical Engineering, 120, 743-749. 

Anglin, C. & Wyss, U. 2000. Review of arm motion analyses. Proceedings of the Institution of Mechanical 

Engineers, Part H: Journal of Engineering in Medicine, 214, 541-555. 

Ariel, G. 1972. Computerized Biomechanical Analysis of Human Performance. Mechanics and Sports, 4. 

Aristidou, A., Cameron, J. & Lasenby, J. 2008. Real-Time Estimation of Missing Markers in Human Motion 

Capture.  The 2nd International Conference on Bioinformatics and Biomedical Engineering, 16-18 May 2008 

2008. 1343-1346. 

Ball, K. A. & Pierrynowski, M. R. Modeling of the pliant surfaces of the thigh and leg during gait. 1998. 435-

446. 

Baselli, G., Legnani, G., Franco, P., Brognoli, F., Marras, A., Quaranta, F. & Zappa, B. 2001. Assessment of 

inertial and gravitational inputs to the vestibular system. Journal of Biomechanics, 34, 821-826. 

Bell, A. L., Pedersen, D. R. & Brand, R. A. 1990. A comparison of the accuracy of several hip center location 

prediction methods. Journal of biomechanics, 23, 617-621. 

Begon, M., Dal Maso, F., Arndt, A., & Monnet, T. 2015. Can optimal marker weightings improve 

thoracohumeral kinematics accuracy? Journal of Biomechanics, 48(10), 2019-2025.  

Benoit, D. L., Damsgaard, M., & Andersen, M. S. 2015. Surface marker cluster translation, rotation, scaling 

and deformation: Their contribution to soft tissue artefact and impact on knee joint kinematics. Journal of 

Biomechanics, 48(10), 2124-2129. 

Besier, T. F., Sturnieks, D. L., Alderson, J. A., & Lloyd, D. G. 2003. Repeatability of gait data using a functional 

hip joint centre and a mean helical knee axis. Journal of Biomechanics, 36(8), 1159-1168. 

Blache, Y., Dumas, R., Lundberg, A., & Begon, M. 2016. Main component of soft tissue artifact of the upper-

limbs with respect to different functional, daily life and sports movements. Journal of Biomechanics. In-Press. 

Bonci, T., Camomilla, V., Dumas, R., Chèze, L. & Cappozzo, A. 2014. A soft tissue artefact model driven by 

proximal and distal joint kinematics. Journal of Biomechanics, 47, 2354-2361. 



- Review of the Literature 
 
 

55 

Bonnet, V., Mccamley, J., Mazza, C. & Cappozzo, A. 2012. Trunk Orientation Estimate During Walking Using 

Gyroscope Sensors. 4th IEEE Ras & Embs International Conference on Biomedical Robotics and 

Biomechatronics (Biorob), 367-372. 

Bonnet, V., Richard, V., Camomilla, V., Venture, G., Cappozzo, A. & Dumas, R. 2017. Joint kinematics 

estimation using a multi-body kinematics optimisation and an extended Kalman filter, and embedding a soft 

tissue artefact model. Journal of Biomechanics, 62, 148-155. 

Boonstra, M. C., Van Der Slikke, R. M., Keijsers, N. L., Van Lummel, R. C., De Waal Malefijt, M. C. & 

Verdonschot, N. 2006. The accuracy of measuring the kinematics of rising from a chair with accelerometers 

and gyroscopes. Journal of Biomechanics, 39, 354-8. 

Bouvier, B., Duprey, S., Claudon, L., Dumas, R. & Savescu, A. 2015. Upper Limb Kinematics Using Inertial and 

Magnetic Sensors: Comparison of Sensor-to-Segment Calibrations. Sensors (Basel, Switzerland), 15, 18813-

18833. 

Callaway, A., Cobb, J. & Jones, I. 2009. A Comparison of Video and Accelerometer Based Approaches Applied 

to Performance Monitoring in Swimming. International Journal of Sports Science and Coaching, 4, 139-153. 

Camomilla, V., Cereatti, A., Vannozzi, G. & Cappozzo, A. 2006. An optimized protocol for hip joint centre 

determination using the functional method. Journal of Biomechanics, 39, 1096-1106. 

Camomilla, V., Donati, M., Stagni, R., & Cappozzo, A. 2009. Non-invasive assessment of superficial soft tissue 

local displacements during movement: A feasibility study. Journal of Biomechanics, 42(7), 931-937.  

Camomilla, V., Bonci, T., Dumas, R., Chèze, L., & Cappozzo, A. 2015. A model of the soft tissue artefact rigid 

component. Journal of Biomechanics, 48(10), 1752-1759.  

Campbell, A. C., Alderson, J. A., Lloyd, D. G. & Elliott, B. C. 2009a. Effects of different technical coordinate 

system definitions on the three dimensional representation of the glenohumeral joint centre. Medical & 

Biological Engineering & Computing, 47, 543-550. 

Campbell, A. C., Lloyd, D. G., Alderson, J. A. & Elliott, B. C. 2009b. MRI development and validation of two new 

predictive methods of glenohumeral joint centre location identification and comparison with established 

techniques. Journal of Biomechanics, 42, 1527-1532. 

Cappello, A., Cappozzo, A., La Palombara, P. F., Lucchetti, L. & Leardini, A. 1997. Multiple anatomical 

landmark calibration for optimal bone pose estimation. Human Movement Science, 16, 259-274. 

Cappello, A., La Palombara, P. F. & Leardini, A. 1996. Optimization and smoothing techniques in movement 

analysis. International Journal of Bio-Medical Computing, 41, 137-151. 

Cappello, A., Stagni, R., Fantozzi, S. & Leardini, A. 2005. Soft tissue artifact compensation in knee kinematics 

by double anatomical landmark calibration: performance of a novel method during selected motor tasks. 

Biomedical Engineering, IEEE Transactions on, 52, 992-998. 



 

56 

Cappozzo, A., Cappello, A., Croce, U. D. & Pensalfini, F. 1997. Surface-marker cluster design criteria for 3-D 

bone movement reconstruction. Biomedical Engineering, IEEE Transactions on, 44, 1165-1174. 

Cappozzo, A., Catani, F., Della Croce, U. & Leardini, A. 1995. Position and orientation in space of bones during 

movement: anatomical frame definition and determination. Clinical Biomechanics, 10, 171-178. 

Cappozzo, A., Catani, F., Leardini, A., Benedetti, M. G. & Della Croce, U. 1996. Position and orientation in 

space of bones during movement: experimental artefacts. Clinical Biomechanics, 11, 90-100. 

Cappozzo, A., Della Croce, U., Leardini, A. & Chiari, L. 2005. Human movement analysis using 

stereophotogrammetry: Part 1: theoretical background. Gait & Posture, 21, 186-196. 

Cazzola, D., Holsgrove, T. P., Preatoni, E., Gill, H. S. & Trewartha, G. 2017. Cervical Spine Injuries: A Whole-

Body Musculoskeletal Model for the Analysis of Spinal Loading. PloS one, 12, e0169329. 

Cereatti, A., Trojaniello, D. & Croce, U. D. 2015. Accurately Measuring Human Movements using Magneto-

Inertial Sensors: Techniques and Challenges. Inertial Sensors and Systems (ISISS), 2015 IEEE International 

Symposium. Hapuna Beach, HI, USA. 

Cereatti, A., Bonci, T., Akbarshahi, M., Aminian, K., Barré, A., Begon, M., Benoit, D. L., Charbonnier, C., Dal 

Maso, F., Fantozzi, S., Lin, C.-C., Lu, T.-W., Pandy, M. G., Stagni, R., Van Den Bogert, A. J. & Camomilla, V. 

2017. Standardization proposal of soft tissue artefact description for data sharing in human motion 

measurements. Journal of Biomechanics, 62, 5-13. 

Challis, J. H. 1995. A procedure for determining rigid body transformation parameters. Journal of 

Biomechanics, 28, 733-737. 

Chambers, R., Gabbett, T. J., Cole, M. H. & Beard, A. 2015. The Use of Wearable Microsensors to Quantify 

Sport-Specific Movements. Sports Medicine, 45, 1065-1081. 

Chao, E. Y. & Morrey, B. F. 1978. Three-dimensional rotation of the elbow. Journal of Biomechanics, 11, 57-

73. 

Charlton, I. W., Tate, P., Smyth, P. & Roren, L. 2004. Repeatability of an optimised lower body model. Gait & 

Posture, 20, 213-221. 

Charlton, I. W., & Johnson, G. R. 2006. A model for the prediction of the forces at the glenohumeral joint. 

Proceedings of the Institution of Mechanical Engineers, Part H: Journal of Engineering in Medicine, 220(8), 

801-812. 

Cheng, P. L. 2006. Simulation of Codman's paradox reveals a general law of motion. Journal of Biomechanics, 

39, 1201-1207. 

Chèze, L., Fregly, B. J. & Dimnet, J. 1995. A solidification procedure to facilitate kinematic analyses based on 

video system data. Journal of Biomechanics, 28, 879-884. 

Chiari, L., Croce, U. D., Leardini, A. & Cappozzo, A. 2005. Human movement analysis using 

stereophotogrammetry: Part 2: Instrumental errors. Gait & Posture, 21, 197-211. 



- Review of the Literature 
 
 

57 

Chin, A., Elliott, B., Alderson, J., Lloyd, D. & Foster, D. 2009. The off-break and “doosra”: Kinematic variations 

of elite and sub-elite bowlers in creating ball spin in cricket bowling. Sports Biomechanics, 8, 187-198. 

Chin, A., Lloyd, D., Alderson, J., Elliott, B. & Mills, P. 2010. A marker-based mean finite helical axis model to 

determine elbow rotation axes and kinematics in vivo. Journal of Applied Biomechanics, 26, 305-15. 

Codman, E. A. 1934. The shoulder: rupture of the supraspinatus tendon and other lesions in or about the 

subacromial bursa, RE Kreiger. 

Collins, T. D., Ghoussayni, S. N., Ewins, D. J. & Kent, J. A. 2009. A six degrees-of-freedom marker set for gait 

analysis: repeatability and comparison with a modified Helen Hayes set. Gait & Posture, 30, 173-80. 

Cutti, A., Giovanardi, A., Rocchi, L., Davalli, A. & Sacchetti, R. 2008. Ambulatory measurement of shoulder and 

elbow kinematics through inertial and magnetic sensors. Medical & Biological Engineering & Computing, 46, 

169-178. 

Cutti, A. G., Paolini, G., Troncossi, M., Cappello, A. & Davalli, A. 2005. Soft tissue artefact assessment in 

humeral axial rotation. Gait & Posture, 21, 341-349. 

Dal Maso, F., Raison, M., Lundberg, A., Arndt, A., & Begon, M. 2014. Coupling between 3D displacements and 

rotations at the glenohumeral joint during dynamic tasks in healthy participants. Clinical Biomechanics, 29(9), 

1048-1055.  

Davey, N., Anderson, M. & James, D. A. 2008. Validation trial of an accelerometer-based sensor platform for 

swimming. Sports Technology, 1, 202-207. 

De Groot, J. H. 1999. The scapulo-humeral rhythm: effects of 2-D roentgen projection. Clinical Biomechanics, 

14, 63-68. 

De Groot, J. H. & Brand, R. 2001. A three-dimensional regression model of the shoulder rhythm. Clinical 

Biomechanics, 16, 735-743. 

De Vries, W. H. K., Veeger, H. E. J., Baten, C. T. M. & Van Der Helm, F. C. T. 2009. Magnetic distortion in 

motion labs, implications for validating inertial magnetic sensors. Gait & Posture, 29, 535-541. 

De Vries, W. H. K., Veeger, H. E. J., Cutti, A. G., Baten, C. & Van Der Helm, F. C. T. 2010. Functionally 

interpretable local coordinate systems for the upper extremity using inertial & magnetic measurement 

systems. Journal of Biomechanics, 43, 1983-1988. 

Deland, J., Garg, A. & Walker, P. 1987. Biomechanical basis for elbow hinge-distractor design. Clinical 

orthopaedics and related research, 215, 303-312. 

Della Croce, U., Leardini, A., Chiari, L. & Cappozzo, A. 2005. Human movement analysis using 

stereophotogrammetry: Part 4: assessment of anatomical landmark misplacement and its effects on joint 

kinematics. Gait & Posture, 21, 226-237. 



 

58 

Delp, S. L., Anderson, F. C., Arnold, A. S., Loan, P., Habib, A., John, C. T., Guendelman, E. & Thelen, D. G. 2007. 

OpenSim: Open-Source Software to Create and Analyze Dynamic Simulations of Movement. Biomedical 

Engineering, IEEE Transactions on, 54, 1940-1950. 

Deluzio, K. J., Wyss, U. P., Li, J. & Costigan, P. A. 1993. A procedure to validate three-dimensional motion 

assessment systems. Journal of Biomechanics, 26, 753-759. 

Dempsey, A. R., Lloyd, D. G., Elliott, B. C., Steele, J. R., Munro, B. J. & Russo, K. A. 2007. The effect of 

technique change on knee loads during sidestep cutting. Medicine & Science in Sports & Exercise, 39, 1765-

73. 

Donnelly, C. J., Elliott, B. C., Doyle, T. L. A., Finch, C. F., Dempsey, A. R. & Lloyd, D. G. 2012. Changes in knee 

joint biomechanics following balance and technique training and a season of Australian football. British 

Journal of Sports Medicine. 

Dunne, J., Besier, T., Lloyd, D., Lay, B., Delp, S. & Seth, A. 2013. Automated marker registration improves 

OpenSim joint angle and moment estimates of a humanoid robot. International Society of Biomechanics, 

Natal, Brazil. 

Duprey, S., Naaim, A., Moissenet, F., Begon, M., & Chèze, L. 2016. Kinematic models of the upper limb joints 

for multibody kinematics optimisation: An overview. Journal of Biomechanics. In Press. 

Eberhart, H. D., Inman, V., Saunders, J., Levens, A., Bresler, B. & Mccowan, T. 1947. Fundamental studies of 

human locomotion and other information relating to design of artificial limbs. Report to the National 

Research Council. 

Eftaxiopoulou, T., Gupte, C. M., Dear, J. P. & Bull, A. M. 2013. The effect of digitisation of the humeral 

epicondyles on quantifying elbow kinematics during cricket bowling. Journal of Sports Sciences, 31, 1722-30. 

Ehara, Y., Fujimoto, H., Miyazaki, S., Tanaka, S. & Yamamoto, S. 1995. Comparison of the performance of 3D 

camera systems. Gait & Posture, 3, 166-169. 

Elliott, B. & Alderson, J. 2007. Laboratory versus field testing in cricket bowling: A review of current and past 

practice in modelling techniques. Sports Biomechanics, 6, 99-108. 

Espinosa, H. G., Lee, J. & James, D. A. 2015. The inertial sensor: A base platform for wider adoption in sports 

science applications. Journal of Fitness Research, 4. 

Faber, G. S., Kingma, I., Bruijn, S. M. & Van Dieën, J. H. 2009. Optimal inertial sensor location for ambulatory 

measurement of trunk inclination. Journal of Biomechanics, 42, 2406-2409. 

Fuller, J., Liu, L. J., Murphy, M. C. & Mann, R. W. 1997. A comparison of lower-extremity skeletal kinematics 

measured using skin- and pin-mounted markers. Human Movement Science, 16, 219-242. 

Galinski, D. & Dehez, B. 2012. Evaluation of initialization procedures for estimating upper limb kinematics 

with MARG sensors. The Fourth IEEE RAS/EMBS International Conference on Biomedical Robotics and 

Biomechatronics, Roma, Italy. 



- Review of the Literature 
 
 

59 

Garling, E. H., Kaptein, B. L., Mertens, B., Barendregt, W., Veeger, H. E. J., Nelissen, R. G. H. H. & Valstar, E. R. 

2007. Soft-tissue artefact assessment during step-up using fluoroscopy and skin-mounted markers. Journal of 

Biomechanics, 40, Supplement 1, S18-S24. 

Gattamelata, D., Pezzuti, E., Valentini, P. P., Gattamelata, D., Pezzuti, E., & Valentini, P. P. 2007. Accurate 

geometrical constraints for the computer aided modelling of the human upper limb. Computer-Aided Design, 

39(7), 540-547.  

Ghasemzadeh, H., Loseu, V., Guenterberg, E. & Jafari, R. 2009. Sport training using body sensor networks: a 

statistical approach to measure wrist rotation for golf swing. Proceedings of the Fourth International 

Conference on Body Area Networks. Los Angeles, California: ICST (Institute for Computer Sciences, Social-

Informatics and Telecommunications Engineering). 

Grimpampi, E., Camomilla, V., Cereatti, A., de Leva, P., & Cappozzo, A. 2014. Metrics for Describing Soft-

Tissue Artefact and Its Effect on Pose, Size, and Shape of Marker Clusters. Biomedical Engineering, IEEE 

Transactions on, 61(2), 362-367.  

Grood, E. S. & Suntay, W. J. 1983. A joint coordinate system for the clinical description of three-dimensional 

motions: application to the knee. Journal of biomechanical engineering, 105, 136-144. 

Hingtgen, B., Mcguire, J. R., Wang, M. & Harris, G. F. 2006. An upper extremity kinematic model for 

evaluation of hemiparetic stroke. Journal of Biomechanics, 39, 681-8. 

Hogfors, C., Peterson, B., Sigholm, G. & Herberts, P. 1991. Biomechanical model of the human shoulder joint--

II. The shoulder rhythm. Journal of  Biomechanics, 24, 699-709. 

Hogfors, C., Sigholm, G. & Herberts, P. 1987. Biomechanical model of the human shoulder--I. Elements. 

Journal of  Biomechanics, 20, 157-66. 

Holden, J. P., Orsini, J. A., Siegel, K. L., Kepple, T. M., Gerber, L. H. & Stanhope, S. J. 1997. Surface movement 

errors in shank kinematics and knee kinetics during gait. Gait & Posture, 5, 217-227. 

Holzbaur, K. R. S., Murray, W. M., & Delp, S. L. 2005. A Model of the Upper Extremity for Simulating 

Musculoskeletal Surgery and Analyzing Neuromuscular Control. Annals of Biomedical Engineering, 33(6), 829-

840. 

King, K., Yoon, S. W., Perkins, N. C. & Najafi, K. 2008. Wireless MEMS inertial sensor system for golf swing 

dynamics. Sensors and Actuators A: Physical, 141, 619-630. 

King, M. A. & Yeadon, M. R. 2012. Quantifying Elbow Extension and Elbow Hyperextension in Cricket Bowling: 

A case study of Jenny Gunn. Journal of Sports Sciences, 30, 937-947. 

Koning, B. H., Van Der Krogt, M. M., Baten, C. T. & Koopman, B. F. 2015. Driving a musculoskeletal model with 

inertial and magnetic measurement units. Computer methods in biomechanics and biomedical engineering, 

18, 1003-1013. 



 

60 

Krüger, A. & Edelmann‐Nusser, J. 2009. Biomechanical analysis in freestyle snowboarding: Application of a 

full‐body inertial measurement system and a bilateral insole measurement system. Sports Technology, 2, 17-

23. 

Laitenberger, M., Raison, M., Périé, D., & Begon, M. 2015. Refinement of the upper limb joint kinematics and 

dynamics using a subject-specific closed-loop forearm model. Multibody System Dynamics, 33(4), 413-438. 

Lanteigne, E. 2011. Inverse kinematics and path planning methods for discretely-actuated hyper-redundant 

manipulators, Royal Military College of Canada (Canada). 

Lathrop, R. L., Chaudhari, A. M. & Siston, R. A. 2011. Comparative assessment of bone pose estimation using 

Point Cluster Technique and OpenSim. Journal of  Biomechanical Engineering, 133, 114503. 

Leardini, A., Chiari, L., Croce, U. D. & Cappozzo, A. 2005. Human movement analysis using 

stereophotogrammetry: Part 3. Soft tissue artifact assessment and compensation. Gait & Posture, 21, 212-

225. 

Levens, A. S., Inman, V. T. & Blosser, J. A. 1948. Transverse Rotation of the Segments of the Lower Extremity 

in Locomotion. The Journal of Bone & Joint Surgery, 30, 859-872. 

Ligorio, G., Zanotto, D., Sabatini, A. M., & Agrawal, S. K. 2017. A novel functional calibration method for real-

time elbow joint angles estimation with magnetic-inertial sensors. Journal of Biomechanics, 54, 106-110. 

Little, C., Lee, J. B., James, D. A. & Davison, K. 2013. An evaluation of inertial sensor technology in the 

discrimination of human gait. Journal of Sports Sciences, 31, 1312-8. 

Lloyd, D. G., Alderson, J. & Elliott, B. C. 2000. An upper limb kinematic model for the examination of cricket 

bowling: A case study of Mutiah Muralitharan. Journal of Sports Sciences, 18, 975-982. 

London, J. T. 1981. Kinematics of the elbow. The Journal of Bone & Joint Surgery, 63, 529-535. 

Lu, T. W. & O’connor, J. J. 1999. Bone position estimation from skin marker co-ordinates using global 

optimisation with joint constraints. Journal of Biomechanics, 32, 129-134. 

Ludewig, P. M., Phadke, V., Braman, J. P., Hassett, D. R., Cieminski, C. J. & Laprade, R. F. 2009. Motion of the 

Shoulder Complex During Multiplanar Humeral Elevation. The Journal of Bone and Joint Surgery. American 

volume., 91, 378-389. 

Ludewig, P. M., Hassett, D. R., Laprade, R. F., Camargo, P. R. & Braman, J. P. 2010. Comparison of scapular 

local coordinate systems. Clinical Biomechanics, 25, 415-421. 

Luinge, H. J. & Veltink, P. H. 2005. Measuring orientation of human body segments using miniature 

gyroscopes and accelerometers. Medical & Biological Engineering & Computing, 43, 273-282. 

Luinge, H. J., Veltink, P. H. & Baten, C. T. M. 2007. Ambulatory measurement of arm orientation. Journal of 

Biomechanics, 40, 78-85. 

Lukasiewicz, A. C., Mcclure, P., Michener, L., Pratt, N. & Sennett, B. 1999. Comparison of 3-dimensional 

scapular position and orientation between subjects with and without shoulder impingement. Journal of 

Orthopaedic & Sports Physical Therapy, 29, 574-586. 



- Review of the Literature 
 
 

61 

Maletsky, L. P., Sun, J. & Morton, N. A. 2007. Accuracy of an optical active-marker system to track the relative 

motion of rigid bodies. Journal of Biomechanics, 40, 682-685. 

Marey, E. J. 1874. Animal Mechanism a Treatise on Terrestrial and Aerial Locomotion, Henry S. King & 

Company. 

Martin, C. 1932. A note on the movements of the shoulder‐joint. British Journal of Surgery, 20, 61-66. 

Marylebone Cricket Club, 2013. Law 24 (No Ball). Retrieved from http://www.lords.org/mcc/laws-of-

cricket/laws/law-24-no-ball/ 

Masum, M. A., Lambert, A. J., Pickering, M. R., Scarvell, J. M., & Smith, P. N. 2012. Precision analysis of a 

multi-slice ultrasound sensor for non-invasive 3D kinematic analysis of knee joints. Paper presented at the 

2012 Annual International Conference of the IEEE Engineering in Medicine and Biology Society.  

Masum, M. A., Pickering, M. R., Lambert, A. J., Scarvell, J. M., & Smith, P. N. 2017. Multi-slice ultrasound 

image calibration of an intelligent skin-marker for soft tissue artefact compensation. Journal of Biomechanics. 

In Press. 

Matsui, K., Shimada, K., & Andrew, P. D. 2006. Deviation of skin marker from bone target during movement 

of the scapula. Journal of Orthopaedic Science, 11(2), 180-184. 

McClelland, J. A., Webster, K. E., Grant, C. & Feller, J. 2010. Alternative modelling procedures for pelvic 

marker occlusion during motion analysis. Gait & Posture, 31, 415-419. 

McConnell, J., Donnelly, C., Hamner, S., Dunne, J. & Besier, T. 2011. Effect of shoulder taping on maximum 

shoulder external and internal rotation range in uninjured and previously injured overhead athletes during a 

seated throw. Journal of Orthopaedic Research, 29, 1406-1411. 

McConnell, J., Donnelly, C., Hamner, S., Dunne, J. & Besier, T. 2012. Passive and Dynamic Shoulder Rotation 

Range in Uninjured and Previously Injured Overhead Throwing Athletes and the Effect of Shoulder Taping. 

Physical Medicine & Rehabilitation, 4, 111-116. 

Meskers, C. G. M., Van Der Helm, F. C. T., Rozendaal, L. A. & Rozing, P. M. 1997. In vivo estimation of the 

glenohumeral joint rotation center from scapular bony landmarks by linear regression. Journal of 

Biomechanics, 31, 93-96. 

Middleton, K. J., Campbell, A. C., Alderson, J. A., Chin, A. & Elliott, B. C. 2009. The effect of altering the helical 

endpoint technical reference frame on elbow angle in cricket bowling. Australasian Biomechanics Conference, 

Gold Coast, Griffith University. 

Morgan, K. D., Donnelly, C. J. & Reinbolt, J. A. 2014. Elevated gastrocnemius forces compensate for decreased 

hamstrings forces during the weight-acceptance phase of single-leg jump landing: implications for anterior 

cruciate ligament injury risk. Journal of Biomechanics, 47, 3295-3302. 

Morrey, B. F., Askew, L. J. & Chao, E. Y. 1981. A biomechanical study of normal functional elbow motion. The 

Journal of Bone & Joint Surgery, 63, 872-877. 



 

62 

Morrey, B. F. & Chao, E. Y. 1976. Passive motion of the elbow joint. The Journal of Bone & Joint Surgery, 58, 

501-508. 

Mundermann, L., Corazza, S. & Andriacchi, T. P. 2006. The evolution of methods for the capture of human 

movement leading to markerless motion capture for biomechanical applications. J Neuroeng Rehabil, 3, 6. 

Muybridge, E. 1887. Animal Locomotion: An Electrophotographic Investigation of Consecutive Phases of 

Animal Movements. 1872-1875, University of Pennsylvania. 

Naaim, A., Moissenet, F., Dumas, R., Begon, M., & Chèze, L. 2015. Comparison and validation of five 

scapulothoracic models for correcting soft tissue artefact through multibody optimisation. Computational 

Methods in Biomechanicsand Biomedical Engineering, 18(sup1), 2014-2015.  

Naaim, A., Moissenet, F., Duprey, S., Begon, M., & Chèze, L. 2017. Effect of various upper limb multibody 

models on soft tissue artefact correction: A case study. Journal of Biomechanics. In Press.  

Norris, M., Anderson, R. & Kenny, I. C. 2014. Method analysis of accelerometers and gyroscopes in running 

gait: A systematic review. Proceedings of the Institution of Mechanical Engineers, Part P: Journal of Sports 

Engineering and Technology, 228, 3-15. 

Ong, E.-J. & Hilton, A. 2006. Learnt inverse kinematics for animation synthesis. Graphical Models, 68, 472-

483. 

Packer, T. L., Peat, M., Wyss, U. & Sorbie, C. 1990. Examining the elbow during functional activities. 

Occupational Therapy Journal of Research: Occupation, Participation and Health, 10, 323-333. 

Peters, A., Galna, B., Sangeux, M., Morris, M. & Baker, R. 2010. Quantification of soft tissue artifact in lower 

limb human motion analysis: A systematic review. Gait & Posture, 31, 1-8. 

Perez, R., Costa, U., Torrent, M., Solana, J., Opisso, E., Caceres, C., . . . Gomez, E. J. 2010. Upper limb portable 

motion analysis system based on inertial technology for neurorehabilitation purposes. Sensors (Basel), 

10(12), 10733-10751. 

Piazza, S. J., & Cavanagh, P. R. 2000. Measurement of the screw-home motion of the knee is sensitive to 

errors in axis alignment. Journal of Biomechanics, 33(8), 1029-1034.  

Picerno, P., Cereatti, A. & Cappozzo, A. 2008. Joint kinematics estimate using wearable inertial and magnetic 

sensing modules. Gait & Posture, 28, 588-595. 

Picerno, P. 2017. 25 years of lower limb joint kinematics by using inertial and magnetic sensors: A review of 

methodological approaches. Gait & Posture, 51, 239-246. 

Podgorski, A., Kordasiewicz, B., Urban, M., Michalik, D. & Pomianowski, S. 2012. Biomechanical assessment of 

varus-valgus range of motion of normal elbow joint using prototype measuring device. Orthopedic Traumatol 

Rehabilitation, 14, 137-44. 

Prinold, J. A. I., & Bull, A. M. J. 2014. Scaling and kinematics optimisation of the scapula and thorax in upper 

limb musculoskeletal models. Journal of Biomechanics, 47(11), 2813-2819. 



- Review of the Literature 
 
 

63 

Qiong, W. & Boulanger, P. 2011. Real-Time Estimation of Missing Markers for Reconstruction of Human 

Motion.  Virtual Reality (SVR), 2011 XIII Symposium on. 161-168. 

Rab, G., Petuskey, K. & Bagley, A. 2002. A method for determination of upper extremity kinematics. Gait & 

Posture, 15, 113-119. 

Raikova, R. 1992. A general approach for modelling and mathematical investigation of the human upper limb. 

Journal of Biomechanics, 25, 857-867. 

Rau, G., Disselhorst-Klug, C. & Schmidt, R. 2000. Movement biomechanics goes upwards: from the leg to the 

arm. Journal of Biomechanics, 33, 1207-1216. 

Reid, S., Elliott, C., Alderson, J., Lloyd, D. & Elliott, B. 2010. Repeatability of upper limb kinematics for children 

with and without cerebral palsy. Gait & Posture, 32, 10-17. 

Reinschmidt, C., Van Den Bogert, A. J., Lundberg, A., Nigg, B. M., Murphy, N., Stacoff, A. & Stano, A. 1997a. 

Tibiofemoral and tibiocalcaneal motion during walking: external vs. skeletal markers. Gait & Posture, 6, 98-

109. 

Reinschmidt, C., Van Den Bogert, A. J., Nigg, B. M., Lundberg, A. & Murphy, N. 1997b. Effect of skin 

movement on the analysis of skeletal knee joint motion during running. Journal of Biomechanics, 30, 729-32. 

Richards, J. G. 1999. The measurement of human motion: A comparison of commercially available systems. 

Human Movement Science, 18, 589-602. 

Robert-Lachaine, X., Allard, P., Godbout, V. & Begon, M. 2015. 3D shoulder kinematics for static vs dynamic 

and passive vs active testing conditions. Journal of Biomechanics, 48, 2976-2983. 

Roosen, A., Pain, M. T. G., Thouzé, A., Monnet, T. & Begon, M. 2013. Segment-embedded frame definition 

affects the hip joint centre precision during walking. Medical Engineering & Physics, 35, 1228-1234.  

Roux, E., Bouilland, S., Godillon-Maquinghen, A. P. & Bouttens, D. 2002. Evaluation of the global optimisation 

method within the upper limb kinematics analysis. Journal of Biomechanics, 35, 1279-1283. 

Rowlands, D. D., James, D. A. & Lee, J. B. 2013. Visualization of wearable sensor data during swimming for 

performance analysis. Sports Technology, 6, 130-136. 

Sabatini, A. M., Martelloni, C., Scapellato, S. & Cavallo, F. 2005. Assessment of walking features from foot 

inertial sensing. Biomedical Engineering, IEEE Transactions on, 52, 486-494. 

Saber-Sheikh, K., Bryant, E. C., Glazzard, C., Hamel, A. & Lee, R. Y. W. 2010. Feasibility of using inertial sensors 

to assess human movement. Manual Therapy, 15, 122-125. 

Sati, M., De Guise, J. A., Larouche, S. & Drouin, G. 1996. Quantitative assessment of skin-bone movement at 

the knee. The Knee, 3, 121-138. 

Schmidt, R., Disselhorst-Klug, C., Silny, J. & Rau, G. 1999. A marker-based measurement procedure for 

unconstrained wrist and elbow motions. Journal of Biomechanics, 32, 615-621. 



 

64 

Schwartz, M. H., Trost, J. P. & Wervey, R. A. 2004. Measurement and management of errors in quantitative 

gait data. Gait & Posture, 20, 196-203. 

Seel, T., Raisch, J. & Schauer, T. 2014. IMU-based joint angle measurement for gait analysis. Sensors, 14, 

6891-6909. 

Šenk, M. & Chèze, L. 2006. Rotation sequence as an important factor in shoulder kinematics. Clinical 

Biomechanics, 21, Supplement 1, S3-S8. 

Seth, A., Matias, R., Veloso, A. P. & Delp, S. L. 2016. A Biomechanical Model of the Scapulothoracic Joint to 

Accurately Capture Scapular Kinematics during Shoulder Movements. PloS one, 11. 

Solav, D., Rubin, M. B., & Wolf, A. 2014. Soft Tissue Artifact compensation using Triangular Cosserat Point 

Elements (TCPEs). International Journal of Engineering Science, 85, 1-9.  

Solav, D., Rubin, M. B., Cereatti, A., Camomilla, V., & Wolf, A. 2016. Bone Pose Estimation in the Presence of 

Soft Tissue Artifact Using Triangular Cosserat Point Elements. Annals of Biomedical Engineering, 44(4), 1181-

1190.  

Spoor, C. W. & Veldpaus, F. E. 1980. Rigid body motion calculated from spatial co-ordinates of markers. 

Journal of Biomechanics, 13, 391-393. 

Stagni, R., Fantozzi, S. & Cappello, A. 2009. Double calibration vs. global optimisation: Performance and 

effectiveness for clinical application. Gait & Posture, 29, 119-122. 

Stagni, R., Fantozzi, S., Cappello, A. & Leardini, A. 2005. Quantification of soft tissue artefact in motion 

analysis by combining 3D fluoroscopy and stereophotogrammetry: a study on two subjects. Clinical 

Biomechanics, 20, 320-329. 

Stagni, R., & Fantozzi, S. 2009. Can cluster deformation be an indicator of soft tissue artefact? Gait & Posture, 

30, S55.  

Stokdijk, M., Biegstraaten, M., Ormel, W., De Boer, Y. A., Veeger, H. E. & Rozing, P. M. 2000. Determining the 

optimal flexion-extension axis of the elbow in vivo - a study of interobserver and intraobserver reliability. 

Journal of Biomechanics, 33, 1139-45. 

Tao, W., Liu, T., Zheng, R. & Feng, H. 2012. Gait analysis using wearable sensors. Sensors (Basel), 12, 2255-83. 

Tarokh, M., Keerthi, K. & Lee, M. 2010. Classification and characterization of inverse kinematics solutions for 

anthropomorphic manipulators. Robotics and Autonomous Systems, 58, 115-120. 

Taylor, C. L. & Blaschke, A. C. 1951. A method for kinematic analysis of motions of the shoulder, arm, and 

hand complex. Annals of the New York academy of sciences, 51, 1251-1265. 

The Guerrilla CG Project. Accessed 2016, August 31st, Euler (gimbal lock) Explained [Video File], Retrieved 

from: 

https://www.youtube.com/watch?v=zc8b2Jo7mno&index=2&list=PLwN9faiGk1OWCo1ry7mZxN6E7lGfJ7J9E 

Tsai, T.-Y., Lu, T.-W., Kuo, M.-Y. & Lin, C.-C. 2011. Effects of soft tissue artifacts on the calculated kinematics 

and kinetics of the knee during stair-ascent. Journal of Biomechanics, 44, 1182-1188. 



- Review of the Literature 
 
 

65 

Van Der Helm, F. C. T. 1994. Analysis of the kinematic and dynamic behavior of the shoulder mechanism. 

Journal of Biomechanics, 27(5), 527-550.  

Van Der Helm, F. C. T., Veeger, H. E. J., Pronk, G. M., Van Der Woude, L. H. V. & Rozendal, R. H. 1992. 

Geometry parameters for musculoskeletal modelling of the shoulder system. Journal of Biomechanics, 25, 

129-144. 

Veeger, H. E., Yu, B., An, K. N. & Rozendal, R. H. 1997. Parameters for modeling the upper extremity. Journal 

of Biomechanics, 30, 647-52. 

Veeger, H. E. J. & Yu, B. 1996. Orientation of axes in the elbow and forearm for biomechanical modelling. 

Proceedings of the 1996 Fifteenth Southern Biomedical Engineering Conference, 377-380. 

Quental, C., Folgado, J., Ambrósio, J., & Monteiro, J. 2012. A multibody biomechanical model of the upper 

limb including the shoulder girdle. Multibody System Dynamics, 28(1-2), 83-108. 

Veldpaus, F. E., Woltring, H. J. & Dortmans, L. J. M. G. 1988. A least-squares algorithm for the equiform 

transformation from spatial marker co-ordinates. Journal of Biomechanics, 21, 45-54. 

Wang, Y. 2006. A fast workspace-density-driven inverse kinematics method for hyper-redundant 

manipulators. Robotica, 24, 649-655. 

Weber, W. & Weber, E. F. 1836. Mechanik der menschlichen Gehwerkzeuge: eine anatomisch-physiologische 

Untersuchung, Dietrich. 

Weinberg, A. M., Pietsch, I. T., Helm, M. B., Hesselbach, J., & Tscherne, H. 2000. A new kinematic model of 

pro- and supination of the human forearm. Journal of Biomechanics, 33(4), 487-491.  

Windolf, M., Gotzen, N., & Morlock, M. 2008. Systematic accuracy and precision analysis of video motion 

capturing systems--exemplified on the Vicon-460 system. Journal of Biomechanics, 41(12), 2776-2780.  

Wixted, A. & Portus, M. R. 2011. Detection of throwing in cricket using wearable sensors. Sports Technology, 

4, 134-140. 

Wu, G., Van Der Helm, F. C. T., Veeger, H. E. J., Makhsous, M., Van Roy, P., Anglin, C., Nagels, J., Karduna, A. 

R., Mcquade, K., Wang, X., Werner, F. W. & Buchholz, B. 2005. ISB recommendation on definitions of joint 

coordinate systems of various joints for the reporting of human joint motion—Part II: shoulder, elbow, wrist 

and hand. Journal of Biomechanics, 38, 981-992. 

Youm, Y., Dryer, R. F., Thambyrajah, K., Flatt, A. E. & Sprague, B. L. 1979. Biomechanical analyses of forearm 

pronation-supination and elbow flexion-extension. Journal of Biomechanics, 12, 245-55. 

Zhang, Y., Lloyd, D. G., Campbell, A. C. & Alderson, J. A. 2011. Can the effect of soft tissue artifact be 

eliminated in upper-arm internal-external rotation. Journal of Applied Biomechanics, 27, 258-265. 

Zhao, J. & Badler, N. I. 1994. Inverse kinematics positioning using nonlinear programming for highly 

articulated figures. ACM Transactions on Graphics (TOG), 13, 313-336. 



 

66 

Zhou, H., Stone, T., Hu, H. & Harris, N. 2008. Use of multiple wearable inertial sensors in upper limb motion 

tracking. Medical Engineering & Physics, 30, 123-33. 

Zhu, R. & Zhou, Z. 2004. A real-time articulated human motion tracking using tri-axis inertial-magnetic 

sensors package. Transactions On Neural Systems And Rehabilitation Engineering, 12, 295-302. 

 



 

 
 

Chapter 3 - Extended Methods 

This section contains additional information about the research procedures employed throughout 

this thesis and expands upon content, and concepts, within specific chapters. 

3.1. Chapter 4 and Chapter 6 Research Design 

A single dataset was used for the studies performed in Chapter 4 and Chapter 6. This section 

describes the entire dataset and then clarifies the subset of data used for analysis within each 

chapter.  

The Complete Dataset 

The dataset was sourced from an investigation previously performed by this research team. It 

comprised male (n = 9) and female (n = 1) cricket bowlers from three nations (Australia, India, 

South Africa). Each athlete attended two data collection sessions performed on the same day 

(morning and afternoon). Bowlers were dual affixed with two external marker sets, a simple and a 

complex configuration (Figure 3.1, for further information see Chapter 4). During the morning 

session, two testers, each experienced with either the simple or complex configuration, 

concurrently applied the marker sets. For the afternoon session, a tester inexperienced with both 

approaches followed written instructions independently compiled by the two experienced testers 

and applied the same dual marker set (i.e. simple and complex) for all participants. 

Participants completed the required static/calibration trials to satisfy both marker sets/modelling 

protocols (Chapter 4), and then performed six trials of three bowling variations, for a total of 18 

bowling trials per participant, per session (Figure 3.2). During data processing, visual inspection was 

used to obtain the four best quality trials of each bowling variation for further analysis, providing 

12 bowling trials per participant, per session. Quality was primarily assessed on minimising marker 

occlusion and the successful performance of the bowling trial (ball flight and landing was as 

expected and the participant verbally confirmed if each delivery was an acceptable representation 

of the variation). The descriptive characteristics of the complete dataset is presented in Table 3.1. 
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Figure 3.1: The two marker sets concurrently applied for each session of data capture. 

 

Figure 3.2: Schematic of the simple and complex marker set/model comparison data collection protocol used 
for Chapter 4 and Chapter 6. 
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Table 3.1: Description of individual participants within the bowling dataset used for Chapter 4 and Chapter 6.  

Participant Gender Arm Bowl Type Height (m) Mass (kg) 

1 F R Pace 1.67 68 

2 M R Pace 1.87 73 

3 M R Pace 1.98 93 

4 M R Spin 1.84 67 

5 M R Spin 1.86 68 

6 M R Pace 1.86 80 

7 M R Pace 1.86 85 

8 M R Spin 1.85 70 

9 M L Pace 1.83 70 

10 M L Pace 1.73 65 

Total 
Female: 1 

Male: 9 

Right: 8 

Left:2 

Pace: 7 

Spin: 3 

Average: 

1.84 ±0.08 

Average: 

73.9 ±9.1 

Chapter 4 

(excl. 10) 

Female: 1 

Male: 8 

Right: 8 

Left: 1 

Pace: 6 

Spin: 3 

Average: 

1.85 ±0.08 

Average: 

74.9 ±9.1 

Chapter 6 

(excl. 9, 10) 

Female: 1 

Male: 7 

Right: 8 

Left: 0 

Pace: 5 

Spin: 3 

Average: 

184.9 ±0.08 

Average: 

75.5 ±9.5 

 

Chapter 4 Dataset 

Chapter 4 involved the comparison of externally affixed marker configurations and associated 

modelling procedures, and how they affect elbow joint angle estimations. One participant was 

excluded from the complete dataset described above due to missing a modelling-specific static 

calibration trial (Participant 10, Table 3.1). The remaining nine participants (eight male, one female) 

comprised the analysed dataset (height 1.85 ±0.08 m; mass 74.9 ±9.1 kg; Table 3.1). Figure 3.3 

provides a graphical representation of Chapter 4.  

Post-modelling, each trial was cropped to comprise a delivery phase in accordance with established 

cricket bowling data processing protocols (International Cricket Council, 2017; Lloyd et al., 2000) 

which commenced at upper arm horizontal (UAH) and ended at ball release (BR) (Figure 3.4). Elbow 

flexion-extension (FE) values for discrete events within this period were extracted from the time-

varying waveform (UAH, maximum flexion, minimum flexion, BR, extension range). Following event 

extraction, the elbow FE waveform was time normalised to 101 data points using cubic spline 

interpolation methods. 
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Figure 3.3: Chapter 4 data collection, modelling and analysis schematic. 

 

Figure 3.4: The bowling delivery phase, comprising the trial data of interest, between UAH and BR (left to 
right). 
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The primary analysis of Chapter 4 compared the elbow FE angles derived from simple and complex 

models during the bowling delivery (Figure 3.3). This required pooling the two sessions of data from 

the experienced and inexperienced tester sessions. A test of mean delivery phase duration was 

devised, requiring each bowler to execute the task at the same intensity for both sessions, to 

ensure sessions 1 and 2 data were suitable for pooling. If this condition was satisfied independently 

for all bowlers, data was pooled. The test returned that no bowler presented differences in delivery 

phase duration between-sessions, with mean overall difference less than the duration between 

two data frames (<0.004 seconds). This was considered inconsequential by the researchers 

involved, so data pooling was performed to create a dataset of 24 trials for each bowler, modelled 

by both simple and complex models, each with discrete event and time-normalised waveform 

elbow FE data. 

For each bowler, time-normalised elbow FE waveforms (n = 24) were averaged to provide a mean 

waveform for both simple and complex modelled data. These were stored within a [9x101x2] 

matrix. This facilitated an inter-model comparison, statistically tested as a paired-samples dataset 

using one-dimensional statistical parametric mapping (SPM1D – explained in Chapter 3.5. 

(e.g. Participant 1 simple mean elbow FE waveform compared with Participant 1 complex mean 

elbow FE waveform). Further inter-model analyses have been described wholly in the methods 

section of Chapter 4. 

The secondary analysis of Chapter 4 examined the inter-tester repeatability of both simple and 

complex modelling approaches (Figure 3.3). This analysis did not involve pooling data. The session 1 

simple modelled time-normalised elbow FE waveforms (n= 12) were averaged to provide a mean 

simple waveform for each participant. This process was repeated for session 2, and the data stored 

in a [9x101x2] matrix. The inter-tester repeatability of the simple model could then be statistically 

tested as a paired-samples dataset using SPM1D. This process was repeated with complex modelled 

data. Further inter-tester analyses have been described wholly in the methods section of Chapter 4. 

Chapter 6 Dataset 

Chapter 6 investigated how marker registration during the skeletal model preparation phase 

influenced inverse kinematic (IK) modelling of elbow FE during cricket bowling. From the complete 

dataset previously described, two left handed participants were excluded due to the added 

complexity in the conversion of the default right-handed OpenSim musculoskeletal model to a non-

validated left-handed model, one of which was Participant 10, previously excluded for Chapter 4. 

The remaining eight participants comprised the dataset analysed (height 1.84 ±0.08 m; mass 75.5 

±9.5 kg; Table 3.1) for comparing direct and IK modelling frameworks (Figure 3.5). The marker 
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trajectory data underwent conversion to an OpenSim-compatible format, detailed in Chapter 3.3.  

In addition to the marker trajectory data, the elbow FE angle data calculated by the complex direct 

kinematic (DK) model from Chapter 4 were used as a criterion measure for comparing with IK-

derived values.  

Two skeletal model preparation conditions were tested; a standard marker registration (MR) 

method, and a proposed method which imposed known participant-specific joint kinematics 

(angles) during marker registration, a process termed prescribing coordinates (MRPC). The skeletal 

model preparation and marker registration processes for Chapter 6 are explained in detail in 

Chapter 3.4. In summary, this study comprised three datasets: previously modelled DK data from 

Chapter 4 (criterion measure), and data modelled by each of the IK conditions, MR and MRPC (Figure 

3.5).  

The primary analysis of Chapter 6 compared elbow FE angles calculated by each of the IK modelling 

conditions against the criterion measure DK modelled values. As per Chapter 4, data from sessions 

1 and 2 were pooled, before mean time-normalised elbow FE waveforms were calculated for each 

participant (Figure 3.5) for both IK modelling conditions. Newly calculated MR and MRPC elbow FE 

waveforms for each trial were time normalised (cubic spline interpolation, 101 data points), and a 

mean waveform was calculated for each participant which was stored in an [8x101x3] matrix. Each 

IK condition (MR and MRPC) could be then statistically compared with the criterion DK elbow FE 

angles using a paired samples approach via SPM1D.  

The secondary analysis performed for Chapter 6 was the inter-tester repeatability for non-

prescribed (MR) and prescribed (MRPC) IK conditions. From the session 1 MR condition elbow FE 

waveforms a mean MR elbow FE waveform was calculated for each participant. This process was 

repeated for session 2, and the data stored as a [8x101x2] matrix. The inter-tester repeatability of 

the MR condition was then statistically tested as a paired-samples dataset using SPM1D. The 

process was repeated for MRPC modelled elbow FE waveforms (Figure 3.5).  
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Figure 3.5: Chapter 6 data collection, modelling and analysis schematic. 
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3.2. UWA Direct Kinematic Model 

The following chapter details a direct kinematic upper limb model (UWA-DK) for the biomechanical 

analysis of overhead sporting tasks. It amalgamates independent work from Lloyd et al. (2000), 

Campbell et al. (2009a, 2009b), Middleton et al. (2009) and Chin et al. (2010) to create an upper 

limb model comprising two segments (upper arm, forearm) connected by a six degree of freedom 

elbow joint specifically for the reporting of elbow kinematics. 

Chapter-specific abbreviations 

• KM: externally affixed kinematic marker 

• TF: technical reference frame 

• AL: anatomical landmark 

• AF: anatomical reference frame 

• JF: joint coordinate reference frame 

External Kinematic Marker Positions 

This section details the suggested positioning of externally affixed kinematic markers (KM) for 

subsequent tracking of anatomical landmarks. Table 3.2 describes the kinematic marker positions 

and Figure 3.7 visualises these placements and overall configuration for dynamic data collection.  

This model requires marker triads consisting of three KM mounted upon a baseplate of semi-rigid 

plastic or aluminium which have some ability to mould to individual participant body shapes. 

Although the distances between markers may vary for triads used on different body segments, a 

common configuration is maintained: marker 2 is positioned at a point orthogonal to the midpoint 

of markers 1 and 3, such that the distance between 1 and 3 is the longest aspect of the triad. The 

acromion triad is a unique case where markers 1 and 3 are mounted on a rigid baseplate, with 

marker 2 mounted on a stem rising from the baseplate. The upper arm used slightly larger triad 

dimensions than the forearm triads (Figure 3.6). 
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Figure 3.6: The three marker triads suggested for the upper limb model. The larger triad (a), was used for the 
pUA and dUA technical coordinate systems. The medium triad (b) was used for the forearm and the 
specialised acromion process triad (c) was only used for the shoulder 

 

Figure 3.7: Recommended kinematic marker set configuration for use with the UWA-DK model. 
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Table 3.2: Description of the marker placements for the UWA-DK model. 

Kinematic Marker/Cluster Status Description 

Acromion Triad (ACR1-3KM) Required Placed along the acromion process of the shoulder 

Proximal upper arm triad (pUA1-3KM) Required 
Placed to minimise soft tissue wobble, just distal of the medial deltoid between the muscle bellies of the bicep 

and triceps 

Distal upper arm triad (dUA1-3 KM) 

 
Required Placed on the posterior aspect of the upper arm, 3-4 cm superior of the olecranon process 

Medial aspect of the wrist (MW KM) Required Placed over the styloid process of the ulna 

Lateral aspect of the wrist (LW KM) Required Placed over the styloid process of the radius 

Distal forearm triad (dFA1-3 KM) Recommended 

Placed on the posterior surface of forearm, 2-3 cm superior of the styloid process’ of the radius and ulna 

Can be used to track the position of the wrist styloid process’ rather than using kinematic markers – often used 

for redundancy during dynamic test conditions in the event a wrist marker is knocked off 

Proximal forearm triad (pFA1-3 KM) Optional 

Placed on the posterior aspect of the forearm, 3-4 cm inferior of the olecranon process, ‘mirroring’ the dUA triad 

across the elbow joint 

Triad used in calculating helical flexion/extension axis of the elbow if desired 

Cervical vertebrae 7 (C7 KM) Optional 
Placed upon the palpable spinous process of the C7 vertebrae 

Required for the regression equation method of calculating shoulder joint centre 

Clavicle (CLAV KM) 

 
Optional 

Placed upon the palpable clavicular notch 

Required for the regression equation method of calculating shoulder joint centre 



 

 
 

Technical Coordinate Systems/Reference Frames Definition 

Technical reference frames (TF) are calculated for each of the kinematic marker triads detailed in 

Table 3.2 to allow for the virtual tracking of specific anatomical landmarks during dynamic trials. 

Whilst the following definitions have been adopted, the calculation of TFs do not require 

anatomical information and as such they should be considered arbitrary. The formulae below 

follow the standard for reference frame coordinate systems: 

 orderdefinition,linedefining,linedefining,originTF 21  

Equation 3.1: Reference frame formula. 

Acromion (ACRTF): for use with the unique cluster used to identify the acromion process. Individual 

KMs identified as ACR1KM, ACR2KM, ACR3KM 

2

ACR3ACR1
= Origin KMKM

 ACR


 

Equation 3.2: Method for calculating the origin of acromion KM cluster. 

XZY]   ,ACR2 -Origin ,ACR1 -ACR3 ,[Origin= ACR KMACRKMKMACR TF  

Equation 3.3: Unique acromion KM cluster technical frame calculation. 

Generic KM Cluster: for use with all other KM clusters, including Proximal Upper Arm (pUATF), Distal 

Upper Arm (dUA TF), Proximal Forearm (pFA TF) (optional), Distal Forearm (dFA TF) (optional). 

Common KM arrangement: T1, T2, T3 (e.g. pUA1KM = T1; dUA2KM = T2; pUA3KM, dUA3KM = T3) 

3

T3T2T1
= Origin  T


 

Equation 3.4: Method for calculating the origin for generic KM clusters. 

YZX]   ,T2 -Origin T1, -T3 ,[Origin= TF TT  

Equation 3.5: Generic KM cluster technical frame calculation. 

Anatomical Landmarks 

This section defines the anatomical landmarks (AL) (Figure 3.8) required for the calculation of joint 

centres and anatomical reference frames. Table 3.3 lists the required landmarks and how each is 

used within the model. For additional information please refer to the International Society of 

Biomechanics recommendations (Wu et al., 2005).  
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Figure 3.8: Visualisation of the bony anatomical landmarks required for the UWA-DK model. 

 

Figure 3.9: Visualisation of the optional clavicular notch and cervical spinous process 7 bony anatomical 
landmarks, required if the regression equation is to be used for estimating shoulder joint centre. 
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Table 3.3: Description of the anatomical landmarks required by the UWA direct kinematic model. 

Joint Centres 

The proposed model requires three joint centres – shoulder, elbow and wrist – to define the 

segments of the upper and forearm. 

• Shoulder Joint Centre Option A – regression equation 

- Requires: ACRAL, C7AL, CLAVAL, height, mass 

- Defined by: regression equation method (Campbell et al., 2009). Coordinates are 

referred to in the ACRTF 

)kg(mass*.))mm(
2

C7CLAV
-(ACR*0.531-66.468  SJC(z)

(kg) mass*0.432-(mm)) C7-(CLAV*0.3066.32-  SJC(y)

(kg) mass*0.385(cm) height*0.364-(mm)) C7-(CLAV*0.302-96.2= JC(x)S

5710








 

Equation 3.6: Regression equation for shoulder (glenohumeral) joint centre proposed by Campbell et al., 
2009. 

- Position stored within both ACRTF and pUATF during static calibration trial 

• Shoulder Joint Centre Option B – generic 3D offset 

- Requires: ACRAL  

- Defined by: generic offset method (Campbell et al., 2009). Coordinates are referred 

to in the ACRTF 

Anatomical Landmark Status Description 

Acromion Process (ACRAL) Required Identified by OriginACR: ACRAL = OriginACR 

Lateral Elbow Epicondyle (LEAL) Required 
Identified by a pointer device during static calibration trial, 

position stored within dUATF 

Medial Elbow Epicondyle (MEAL) Required 
Identified by a pointer device during static calibration trial, 

position stored within dUATF 

Lateral Wrist Styloid Process (LWAL) Required 

Identified by LWKM: LWAL = LWKM 

Optional: position stored within dFA TF during static 

calibration trial 

Medial Wrist Styloid Process (MWAL) Required 

Identified by MWKM: MWAL = MWKM 

Optional: position stored within dFA TF during static 

calibration trial 

Cervical spinous process 7 (C7AL) Optional 

Identified by C7KM: C7AL = C7KM  

Required for using regression equation to calculate 

shoulder joint centre 

Clavicular Notch (CLAVAL) Optional 
Identified by CLAVKM: CLAVAL = CLAVKM Required for using 

regression equation to calculate shoulder joint centre 
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6 ACR(z) SJC(z)

49- ACR(y)  SJC(y)

12ACR(x)= JC(x)S







 

Equation 3.7: Regression equation for shoulder (glenohumeral) joint centre proposed by Campbell et al., 
2009.  

- Position stored within both ACRTF and pUATF during static A-pose calibration trial 

(Figure 3.10) 

Notes for the shoulder joint centres: The shoulder joint centre refers to the glenohumeral joint 

centre of rotation. Definitions are listed for the right shoulder; for the left shoulder multiply ‘z’ 

coordinates by -1. 

 

Figure 3.10: a) the right shoulder joint centre is calculated by either the regression equation or generic offset 
method, both of which use the acromion process position during calculations. The joint centre of rotation is 
then stored in both the ACRTF and the pUATF for tracking during dynamic trials. b) the right elbow and wrist 
joint centres are both simple midpoints of anatomical landmarks. 

• Elbow Joint Centre Option A – anatomical definition 

- Requires: LEAL, MEAL 

- Defined: as the midpoint of the two elbow epicondyles 

2

 MELE
= JCE ALAL 

 

Equation 3.8: Anatomical definition for the EJC. 

• Elbow Joint Centre Option B – functional definition 
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- Requires: LEAL, MEAL, functionally defined FE axis of rotation (Chin et al., 2010) 

- Defined: as the midpoint of the elbow epicondyles, projected orthogonally on to 

the FE axis of rotation: fEJC 

•  Wrist Joint Centre 

- Requires: LWAL, MWAL 

- Defined: as the midpoint of the two elbow styloid processes 

2

 MWLW
= JCW ALAL 

 

Equation 3.9: Anatomical definition for WJC. 

Anatomical Reference Frames (AF) Definition 

• UAAF 

- Requires: EJC, SJC, LEAL, MEAL 

YXZ]   , ME-LE EJC, - SJC[EJC,= UA ALAL AF  

Equation 3.10: Upper arm anatomical frame definition, long axis first. 

• UAAF –  Option B: flexion/extension axis defined first 

- Requires: EJC, SJC, LEAL, MEAL 

 ZXY]  ,EJC - SJC, ME- LE [EJC,= UA ALAL AF  

Equation 3.11: Upper arm anatomical frame definition option B, elbow FE axis first. 

• UAAF – Option C: (for use when elbow FE axis functionally defined) 

To define the functional elbow FE axis requires two markers between which the 

vector, for the purpose of describing them here they will be referred to as the left 

and right functional FE axis marker (fFEALEFT, fFEARIGHT). 

 ZXY]  ,EJC - SJC,fFEA - fFEA [fEJC,= UA LEFTRIGHT AF  

Equation 3.12: Upper arm anatomical frame definition option C, functionally defined elbow FE axis. 

• FAAF 

YXZ] , MW- LW  ,WJC -EJC [WJC,= FA ALAL AF  

Equation 3.13: Forearm anatomical frame definition, long axis defined first. 

Note: See Chin et al. (2010) for integration of functionally calculated pronation-supination rotation 

axis into forearm anatomical frame definition.  
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Note: The definitions listed here are for the right side of the body; for the left reverse the direction 

of ‘z’ coordinates (e.g. right = [MEAL → LEAL]; left = [LEAL → MEAL]. 

Elbow Joint Kinematic Definition 

• Elbow Joint angles 

- Parent: UAAF 

- Child: FAAF 

- Decomposition order:  

▪ 1: Z – flexion-extension;  

▪ 2: X – abduction-adduction;  

▪ 3: Y – pronation-supination 



 

 
 

3.3. Converting Data for use in OpenSim 

The research performed in Chapter 5 and Chapter 6 requires data to be modelled within the 

musculoskeletal modelling framework OpenSim (Delp et al., 2007). OpenSim is not currently 

capable of recording and storing motion data, so data is recorded elsewhere and then transformed 

for modelling within OpenSim. OpenSim has the capacity to read several motion capture methods 

data, including force readings and inertial sensor data, however for the purposes of Chapter 5 and 

Chapter 6 we will only discuss the conversion of marker trajectory data.  

The datasets converted for both Chapter 5 and Chapter 6 were initially in coordinate 3D (*.c3d) 

format. This is a common biomechanical file type, used by Vicon (VICON Peak, Oxford Metrics Ltd., 

UK), whose equipment and systems were used to record and process these motion data. For more 

information regarding the coordinate 3D format, see: 

 https://www.c3d.org/HTML/default.htm 

.c3d files also store all modelled data outputs, such that if Vicon Nexus software pipeline was used 

to model and estimate joint centres or track points stored within technical frames using the 

calibrated anatomical systems technique (CAST) (Cappozzo et al., 1995), those points were also 

stored as virtual marker trajectories within the trial .c3d file.  

Prior to experimental kinematic marker data being used in OpenSim software, it must be converted 

to compatible track-row-column (*.trc) file format. For more information regarding the track-row-

column format, see: 

http://simtk-confluence.stanford.edu:8080/display/OpenSim/Marker+(.trc)+Files 

Conversion from .c3d to .trc format was performed using MATLAB code developed by this research 

team to translate and rotate experimental marker trajectory data for modelling within the 

OpenSim graphical user interface (GUI) (E-Appendix 1.1). The conversion for these data required a 

90° rotation about the x-axis to transform the data from the conventional biomechanics-based to a 

physical-based reference frame (Figure 3.11).  

Modelling within OpenSim required both static calibration and dynamic trial data. Static A-Pose 

calibration trials were used during skeletal model preparation for both segment length scaling and 

marker registration. Segment length scaling required modelled joint centres to be included within 

the experimental .trc data file (Table 3.4). For dynamic trial data, the experimental marker data 

need only the recorded externally affixed marker trajectories. A .trc formatted file only supports 

the storing of marker trajectories within a single reference frame, so any marker trajectories 

https://www.c3d.org/HTML/default.htm
http://simtk-confluence.stanford.edu:8080/display/OpenSim/Marker+(.trc)+Files


 

84 

referred to in the .c3d file within a technical or anatomical reference frame were transformed to 

OpenSim’s physics global reference frame. 

 

Figure 3.11: Global reference frame conventions for physics (i.e. OpenSim) and biomechanics (Vicon) global 
reference frames. 

Table 3.4: Marker trajectories converted (i.e. rotated) for use in OpenSim 

Markers Type Included in Trial Type  

ACR1, 2, 3 External Marker Trajectories Static A-Pose/Bowling Trials 

pUA1, 2, 3 External Marker Trajectories Static A-Pose/Bowling Trials 

dUA1, 2, 3 External Marker Trajectories Static A-Pose/Bowling Trials 

FA1, 2, 3 External Marker Trajectories Static A-Pose/Bowling Trials 

SJC DK Modelled Trajectory Static A-Pose Only 

EJC DK Modelled Trajectory Static A-Pose Only 

WJC DK Modelled Trajectory Static A-Pose Only 



 

 
 

3.4. OpenSim: Model Preparation and Inverse Kinematic Modelling Process 

This section details the OpenSim processes used within Chapter 6, beginning with the preparation 

of the skeletal model to match the participant dimensions and marker placements. Then the 

prepared skeletal model is used to calculate an IK solution, including elbow FE angles, for the 

dynamic trial data. 

Model Preparation 

Described here is how the skeletal model is prepared in anticipation of the IK modelling process, as 

undertaken in Chapter 6. The novel aspect of this section is the use of prescribed coordinates as an 

additional constraint whist virtual model markers are registered into position. This process uses the 

OpenSim ‘Scale’ tool, however because scaling is only one aspect involved in the pipeline, the more 

generalised term ‘model preparation’ is adopted. 

Prior to model preparation being performed, the static trial (i.e. A-pose) was modelled within Vicon 

Nexus (as detailed in Chapter 3.2. Joint Centres) to provide shoulder, elbow and wrist joint centre 

positions, as well as static joint angle values for elbow FE and abduction-adduction. Joint centre 

positions were subsequently added to the static trial experimental marker data, which was then 

converted to .trc format for use in OpenSim. The joint angle values for FE and abduction-adduction 

were recorded for manual input during the marker registration step of model preparation. 

System Setup 

Required: 

• Latest version of OpenSim 

• Generic template OpenSim model to be used 

• Contains required segments and virtual markers with the same names as marker 

trajectories in the experimental marker data *.trc files 

• Static trial data in *.trc format (static.trc) 

• Includes experimental marker trajectories and joint centres for defining segments (Table 

3.4) 

• Known joint angle values from static trial (coordinates to be prescribed, FE and abduction-

adduction) 

Optional: 

• Pre-set scale tool *.xml files 
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Process 

1. Run OpenSim program, load generic model 

a. Optional: read in experimental data static.trc, check it is correctly orientated 

2. Scale segment lengths: adjust generic model segment lengths (and inertial properties) to 

match participant-specific segment lengths from static.trc 

a. Select Tools  Scale 

b. Settings tab (Figure 3.12) 

i. Subject Data: Provide name for newly created scaled model (e.g. 

Segments_Scaled_Step1) 

ii. Scale Model: read in static.trc file directory 

iii. Adjust Model Markers: read in static.trc file directory (note: as we are only 

scaling the model at this point, this section is not necessary except for a 

bug in OpenSim where it will not execute without this option selected) 

 

Figure 3.12: Scale segments, settings tab 

c. Scale Factors tab (Figure 3.13) 

i. Define segments using joint centre markers present within static.trc data 

(e.g. humerus = shoulder joint centre  elbow joint centre). Must be 

performed for all segments within model. Applied scale factors will be 

automatically generated 
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Figure 3.13: Scale segments, scale factors tab 

d. Static Pose Weights tab (Figure 3.14) 

i. Deselect all markers except the joint centre markers used to define the 

segment lengths; weigh joint centres equally 

ii. Deselect all coordinate options 

 

Figure 3.14: Scale segments, static pose weights tab 

e. Select ‘Run ‘ 

i. Optional: save settings to allow quick load for multiple participants 
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3. Save newly created model (e.g. Segments_Scaled_Step1.osim) 

4. Marker registration: move virtual skeletal model markers to match the positions of external 

kinematic markers within the static.trc data file. Ensure newly scaled skeletal model is 

selected before continuing (e.g. Segments_Scaled_Step1) 

a. Select Tools  Scale 

b. Settings tab (Figure 3.15) 

i. Subject Data: provide name for newly created prepared model (e.g. 

With_PC_Step2) 

ii. Scale Model: leave selected but deselect all options (OpenSim bug)  

iii. Adjust Model Markers: read in static.trc file directory  

 

Figure 3.15: Marker registration, settings tab 

c. Scale Factors tab – not applicable 

d. Static Pose Weights Tab (Figure 3.16) 

i. Select all markers, weigh joint centres high (e.g. 1000) and external 

kinematic markers low (e.g. 1) 

ii. Select only coordinates of interest, manually enter known/pre-calculated 

values, weigh medium (e.g. 100) 
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Figure 3.16: Marker registration, static pose weights tab 

e. Select ‘Run ‘ 

i. Optional: save settings to allow quick load for multiple participants 

5. Save newly created model  

The created model is participant-specific so the process must be repeated wholly for each 

individual. The final version of the skeletal model is now ready for use with IK (e.g. 

With_PC_Step2.osim). 

A video tutorial of this procedure can be found in E-Appendix 5.1. 

Performing Inverse Kinematics 

Once the skeletal model has been correctly prepared, it can be used with experimental trajectory 

data of the dynamic trials to produce an IK solution. An IK solution is a set of joint 

angles/coordinates which best-fit the prepared skeletal model to the experimental trajectory data 

by minimising the distance between markers within the experimental data and virtual markers of 

the skeletal model with matching names (Equation 2.1).  

System Setup 

Required: 

• Prepared OpenSim skeletal model (e.g. With_PC_Step2.osim) 

• At least one dynamic trial data in *.trc format (e.g. dynamic.trc) 

Optional files: 
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• Pre-set IK tool *.xml file 

• MATLAB script for batch processing 

Process 

1. Have OpenSim open with the prepared model loaded. It is recommended all other models 

be closed to avoid confusion 

a. Optional: read in dynamic trial experimental data, check it is correctly orientated 

2. Select Tools  IK 

a. Settings tab (Figure 3.17) 

i. Read in dynamic dynamic.trc file directory 

ii. Optional: provide output name 

 

Figure 3.17: Inverse kinematics, settings tab 

b. Weights tab (Figure 3.18) 

i. Deselect joint centres (not to be tracked during dynamic trials) 

ii. Weigh external kinematic markers appropriately (e.g. weight acromion 

markers lower as it is suspected they are subject to greater soft tissue 

movement error) 

iii. Deselect all coordinates 
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Figure 3.18: Inverse kinematics, weights tab 

c. Select ‘Run ‘ 

i. Optional: save settings to allow quick load for multiple participants or 

batch processing 

3. Save new motion file (contains IK solution) 

4. Extract desired variables from motion file/IK solution 

Optional: once a settings file has been saved for the IK tool, MATLAB can batch process each 

individual’s dynamic trials. This requires:  

• the MATLAB code (E-Appendix 1.2) 

• Individual participant’s prepared model, 

• Pre-set IK settings *.xml file 

• The dynamic trials to be processed within a single folder 



 

 
 

3.5. Statistical Parametric Mapping (SPM) 

Time-varying biomechanical data has traditionally been compared using either zero-dimensional 

(0D) statistical analyses, such as discrete event/scalar extraction (e.g. maxima, minima, etc.), or has 

attempted to characterise a time varying signal using a single discrete value (e.g. mean, root mean 

square difference - RMSD). Both approaches substantially simplify the original signal, by only 

considering a handful of the total data points (scalar extraction) or condensing the waveform into a 

single value (RMSD). This facilitates simpler analysis and communication of results, but results in 

most of a measured signal being discarded/ignored. 

An approach, referred to as statistical parametric mapping (SPM), has recently emerged in the 

biomechanics literature that facilitates the statistical comparison of time-varying kinematic, kinetic 

and muscle activation data (Pataky et al., 2013). It was decided that this statistical analysis would 

be employed in this thesis alongside traditional 0D statistical tests to provide a more 

comprehensive assessment of the waveform data being analysed. This section introduces SPM, 

how it came to be used within the field of biomechanics, and provides selected examples of its 

applied use within the biomechanics literature. 

SPM Development 

Initially known as vector field analysis, SPM was first proposed for the mapping and analysis of 

human brain function by Friston and colleagues (1994). The technique has since developed into a 

standard approach for analysing functional brain images (Friston et al., 2007). Where previously 

subjective visual assessment of brain activity images was common practice, vector field analysis 

afforded researchers the ability to objectively determine where statistical differences in brain 

activation were observed, serving to transform the field of magnetic resonance imaging research. 

Objective statistical tests increase assessment repeatability and remove the potential influence of 

human bias, which is inherent to subjective assessments. Recently, vector field analysis has been 

adapted (Pataky et al., 2013) and validated (Pataky, 2016) for use in the analysis of biomechanical 

signals such as kinematic and force vectors. The main advantage of SPM over traditional statistical 

approaches is that it allows for the comparison of time varying (1D) signals (waveforms) in their 

entirety, as concluded by Pataky et al. (2015): 

“This study's results suggest that 0D methods inaccurately model the behaviour 

of smooth, random 1D trajectories. Since one's primary scientific reporting 

obligation is to specify the probability with which random data could produce 

the observed result, these results also suggest that 1D methods should be used 
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to analyse 1D data except when one has a specific 0D hypothesis prior to 

conducting an experiment.” (pp. 1285, Pataky et al., 2015). 

Donnelly et al. (2017) propose SPM as an objective measure for comparing clinical gait kinematic 

waveforms, a process previously reliant on subjective interpretation by clinical gait experts or 0D 

statistics. Strong agreement was found when the observations of two clinical gait experts were 

pooled and compared with SPM analysis – 83% of time-varying kinematic variables analysed. 

Donnelly and colleagues (2017) acknowledge that a new statistical approach will encounter 

resistance to uptake due to the inertia of embedded methodologies in scientific processes, but 

iterate the benefits of SPM as a more complete statistical analysis of waveform data. 

How SPM Works 

Statistical parametric mapping compares time normalised 1D waveform data signals, for example 

two measurements of knee flexion during the stance phase of gait, normalised to 101 data points. 

Random field theory is used to assess the temporal smoothness (i.e. resell or resolution element) of 

each waveform within the dataset. These temporal smoothness values, along with a predefined 

alpha level (i.e. α = 0.05), are used to calculate a critical t-statistic (t_crit) threshold value, which is 

unique to the dataset being analysed. For each data point upon the normalised timeline (i.e. 101 

times), a t-statistic (SPM {t}) is calculated using the values of the two signals at that time point. All 

SPM {t} values are then plotted over the same timeline, producing a waveform. If at any point the 

SPM {t} value exceeds the t_crit threshold, a statistical difference between the two measurements 

is observed and a probability of this difference estimated (p-value). The collection of SPM {t} data 

points that exceed the t_crit is termed a suprathreshold cluster. Multiple suprathreshold clusters 

may be present within a single time-varying SPM analysis (Figure 3.19), and for each suprathreshold 

cluster a unique p-value is calculated. 

Adding SPM to Statistical Analyses 

Traditional 0D statistics such as RMSD may provide an easily interpreted broad overview of the 

entire comparison, but they lack power to communicate information such as the location of any 

observed differences within the waveform movement patterns. Scalar extraction of data at 

distinguishable events similarly ignores much of the recorded signal, potentially missing vital 

information. Furthermore, event extraction from a 1D variable (time-varying signal) can bias results 

if the events aren’t specifically identified prior to testing (Pataky et al., 2015). An SPM analysis can 

overcome potential bias from using scalar extraction in non-directed hypothesis testing, by treating 

the entire vector field as a single observation unit (Pataky et al., 2013). Robinson et al. (2014) 

compared DK and IK modelled knee angles and forces with SPM and RMSD statistical tests. An SPM 
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analysis could identify differences in frontal plane kinematics and peak knee moments during 

unanticipated side-stepping, which the RMSD analysis could not. Similarly, Castro et al. (2015) 

identified differences in male and female ground reaction force vectors using SPM where 

traditional event extraction of force maxima had failed to show.  

 

Figure 3.19: An example SPM result with labelled features (b). Also displayed is the data analysed, including 
the 0D RMSD value (a). Original figure adapted from Robinson et al. (2014). 

It is important to recognise that the introduction of SPM does not make traditional statistical tests 

irrelevant or redundant. To the contrary, Pataky and colleagues (2015) have stated that neither 0D 

or 1D approaches can be recommended preferentially, but that the use of either methods must be 

specified upon the consideration of the hypotheses being tested:  

“One may therefore be tempted to ask: “which is the correct method?” That 

question is important and easy to answer: both 0D and 1D methods are correct, 

but they cannot both be simultaneously correct. Since a method's validity rests 

on its assumptions' justifiability, and since 0D and 1D methods make different 

assumptions (i.e. 0D randomness vs. 1D randomness), they cannot both be valid 

for the same dataset. A 0D procedure is perfectly justifiable if one formulates a 

specific 0D hypothesis prior to conducting a 1D experiment, and then analyses 

only those specific 0D data (Pataky et al., 2013); in this case 1D probabilistic 

methods would be unjustified. On the other hand, if one does not have a specific 

0D hypothesis, then by definition one's hypothesis implicitly pertains to the 

whole 1D trajectory, in which case we'd argue that only 1D procedures are 

justifiable. More simply, one's a priori hypothesis must drive one's analysis and 

not the other way around.” (pp. 1282-1283, Pataky et al., 2015) 
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While Pataky and colleagues (2015) state that 0D and 1D methods cannot coexist for a single 

dataset, the data analysis approach within this thesis employs SPM (Chapter 4, Chapter 6 and 

Chapter 7) alongside traditional 0D statistical tests. In these instances, SPM analysis is the 

predominant statistical test, with 0D analyses considered secondary. We believe this to be justified 

for several reasons; first, SPM is still a relatively new statistical concept, and it would be 

counterproductive to restrict the audience of this research to only those proficient at interpreting 

SPM results. Second, established protocols, such as the cricket bowling legality assessment, are 

based upon 0D tests such as event extraction. Third, whilst SPM provides a comprehensive 

statistical test of a dataset, 0D comparisons can provide a useful shorthand version of results. Until 

such a time that SPM is a widely adopted, understood and accepted general approach, and 

providing that the a priori hypotheses are structured in such a way to allow both analyses to coexist 

(separate hypotheses for 1D and 0D tests), we believe that the reporting of both 0D and 1D 

statistical tests is desirable. 

The code used to execute SPM1D analyses for the research presented in this thesis can be found in 

E-Appendix 3, and a video demonstration in E-Appendix 5.2. For the most updates and code 

releases visit http://www.spm1d.org/ . 

http://www.spm1d.org/


 

 
 

3.6. Upholding Laws of Sports: Cricket 

Supporting background material for the use of cricket bowling as the applied sporting context to test 

the modelling iterations examined throughout this thesis. 

A less common application of motion analysis is the defining and upholding of the laws within 

sport. The accurate estimation of elbow joint angles during cricket bowling is an applied example 

whereby the upper limb motion capture and modelling technique adopted by the tester may be of 

critical importance. Within the game of cricket, the rules enforced by the governing body 

(International Cricket Council) dictate that the range of elbow extension between upper arm 

horizontal (UAH) and ball release (BR) – the delivery phase – must be less than 15°. A bowler 

deemed to exceed the regulated elbow extension threshold during an International Cricket Council 

sanctioned bowling testing session may be suspended from the game until the bowler’s action is 

remediated. What this means in the context of upper limb modelling is that if different modelling 

approaches produce minor discrepancies in elbow FE estimates, there exists the potential for 

modelling choices to influence the legality ruling of an athlete’s action. The downstream effect may 

result in false positive recommendations to suspend the athlete from competition and significantly 

impact upon their professional livelihood (and vice versa). Several upper limb DK models have 

previously been used to assess a bowler’s elbow extension range and legality (Chin et al., 2009; 

King and Yeadon, 2012; Lloyd et al., 2000), yet there is little peer-reviewed research directly 

comparing the elbow FE angles of these models during cricket bowling, or any other overhead 

movement. Further research is therefore required to investigate if different legality 

recommendations can result when different upper limb kinematic modelling approaches are used.  

History of Cricket Bowling Action Research 

Although cricket bowling has been the subject of biomechanical investigation prior to the turn of 

the century, the primary focus of this research was the quantification of technique variations 

(Elliott and Foster, 1984), the generation of ball velocity at BR (Stockill and Bartlett, 1994) and the 

relationship between bowling technique and lower back injury (Elliott et al., 1992).  

Biomechanical research investigating the elbow during cricket bowling only began during the 1990s 

as motion capture technology allowed the complex 3D motion to be recorded in sufficient detail. 

The laws of the game regarding illegal bowling actions, maintained by the Marylebone Cricket Club, 

England, have changed relatively little since the overarm action was legalised in the 1860s. The 

current form of the law reads:  

“Law 24.3: A ball is fairly delivered in respect of the arm if, once the bowler’s 

arm has reached the level of the shoulder in the delivery swing, the elbow joint is 
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not straightened partially or completely from that point until the ball has left the 

hand. This definition shall not debar a bowler from flexing or rotating the wrist 

in the delivery swing.”  

(Marylebone Cricket Club, 2013) 

The basis for this law was that extending the elbow would constitute an unfair advantage to the 

bowler through additional velocity production (i.e. throwing). The law was cast into the spotlight 

during the 1995 Boxing Day test match when Sri Lankan bowler Muttiah Muralitharan was called 

multiple times for an illegal action. Following this incident, Muralitharan was subject to a series of 

3D motion analyses in an attempt to clear his action, including a case study published by Lloyd et al. 

(2000). Within this study, it was reported that for there to be valid (accurate and repeatable) 

analysis of cricket bowling technique there must be more specific and objective definitions in place, 

such as what exactly constituted “a bowling delivery”. For this Lloyd and colleagues (2000) 

proposed that the aspect of the delivery under scrutiny should be defined as between UAH and BR, 

and it was during this period that the elbow was not permitted to extend. Multiple 3D motion 

analyses, including the Lloyd et al. (2000) case study, all reported that Muralitharan did not extend 

his elbow during the delivery phase. The reason these analyses did not put the issue to rest was 

that 2D analyses (parallel video footage) continued to show the elbow apparently straightening. 

This could be explained by understanding the elbow joint abnormalities Muralitharan possessed 

(37° fixed flexion, 18° carry angle), which created the illusion of elbow extension when the arm was 

rotated in and out of the 2D sagittal plane. From these studies, it was concluded that all future 

bowling analyses must be performed using 3D motion analysis due to the perspective error that 

occurs when restricted to 2D analyses (video footage), or the unreliable and inadequate abilities of 

the human eye to correctly quantify joint angles during high-velocity movements such as cricket 

bowling. This point was enforced by Aginsky and Noakes (2010) who, in a case study of a single 

bowler with a large carry angle, concluded that for an umpire to conclusively cite a bowler for an 

illegal action they would have to view each delivery simultaneously from three different positions 

(or have video footage from three different angles). Considering fewer angles would introduce risk 

that the carry angle could create an illusion of a flexed elbow being extended towards BR.  

Cricket law 24.3 clearly states that the elbow cannot straighten, yet modern motion analyses have 

demonstrated that cricket bowling is not that simple. Initial tests by the International Cricket 

Council revealed that almost all bowlers present some amount of elbow extension during the 

bowling action, which led to the implementation of a series of thresholds to supplement the 

imprecise wording of law 24.3; 10° elbow extension for fast bowlers, 7.5° for medium bowlers, and 

5° for spin bowlers. These guidelines proved difficult to enforce and were not based on scientific 



 

98 

knowledge. Subsequent published studies by Portus et al. (2006) and Ferdinands et al. (2004) 

provided the first scientific data showing that almost all cricket bowlers naturally extend the elbow 

during the delivery phase (mean = 9°, Portus et al., 2006). This was speculated to be a combination 

of passive, natural inertial loading; and a “reflexive movement” or “defence mechanism”, to prevent 

the elbow joint from locking and potentially sustaining damage due to the forces present in the 

high-velocity bowling action. From these studies, and considering measurement errors of motion 

capture systems at the time, a special International Cricket Council forum held in 2003 (study data 

were made available to forum members before they were publicly published) led to the 

implementation of a 15° elbow extension threshold during the bowling delivery phase, applicable 

to all bowler classifications. The amended process came into formal effect on the 1st March 2005 

and remains in place to this day (International Cricket Council, 2016). 

 

Figure 3.20: The bowling delivery. The frames show progression from UAH (left) to BR (right). Figure 
previously presented in Chapter 3.1. 

The implementation of such a threshold resulted in all subsequent analyses being performed in 

laboratories with marker-based motion capture systems. Some groups argued that athletes 

suspected of illegal actions would either unwittingly alter their action due to unfamiliar 

surroundings (low ecological validity); or, would allow athletes to knowingly alter their action for 

the official testing session. Elliott and Alderson (2007) questioned whether the accuracy of 

laboratory setups for 3D motion analysis was worth the trade off in validity afforded by video 

systems capable of recording data in-match. They concluded that given the stringent 15° elbow 

extension threshold, the higher accuracy of marker-based, laboratory bound motion analysis must 

be the preferred methodology. In the same year, Elliott et al. (2007) compared the marker-based 

Vicon system to the video-based Peak Motus system using a mechanical arm set to known 

combinations of elbow flexion and carry angle. It was found that although the Peak Motus system 

was more accurate than past video systems, the RMS error of 2.3° was still greater than the Vicon 

system RMS error of 0.6°. They also examined the effect of clothing obscuring the shoulder, elbow 

and wrist joint centres on the accuracy of the video based system in bowling scenarios, such as 

would be found in-match. Results showed the anatomical landmark and joint centre digitising 
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errors introduced large RMS error for both a simple vector (7.8°-9.0°) and projected vector based 

(4.3°-5.1°) modelling approaches (where only joint centres are used to estimate an elbow joint FE 

angle). It was concluded that testing of cricket bowlers’ in-match was currently not possible given in 

some cases the error margin of the analysis and the modelling method employed was larger than 

the permitted extension threshold. More advanced motion analysis systems such as markerless 

motion capture may one day allow for accurate in-match analysis of bowler technique, however 

these technologies are still under development and are some years away from being implemented 

in match settings. 

Current State of Cricket Bowling Motion Analyses 

There exist two broad categories of DK modelling published that have been used for the 

assessment of cricket bowling actions. One approach, as described by King and Yeadon (2012), is to 

place pairs of markers about each joint of the upper limb, allowing joint centres to be calculated as 

midpoints of each pair during bowling trials. The benefit here is there are few markers required for 

the model to function, reducing both potential discomfort from the application of many markers to 

the skin of the participant, and preparation time. Lloyd et al. (2000) and the more recent adaptions 

by Chin et al. (2009) and Middleton et al. (2009) employ a CAST approach that enables markers to 

be moved away from joint centres and axes of rotation. This approach has been shown to mitigate 

systematic errors characteristic of skin sliding in the lower limb, as discussed in Chapter 2.2. 

However, the primary criticism of this approach in cricket bowling is it requires many more markers 

to be attached to the participant. King and Yeadon (2012) suggested that given elbow extension 

ranges in cricket bowling are by definition minimal, skin sliding is less of a concern than the other 

effects of STA such as soft tissue inertial wobble under accelerations. A study by Yeadon and King 

(2015) compared the CAST modelling approach used by Lloyd et al. (2000), Chin et al. (2009) and 

Middleton et al. (2009) to their marker pair approach (King and Yeadon, 2012) and concluded that 

differences in elbow FE angle estimates were most likely due to STA varying between the two 

marker location preferences. They went on to use 2D video footage as a validation tool, which they 

suggested agreed more with values estimated by the marker pair approach; however, as discussed 

previously, 2D video footage is not recommended as a validation measure for multi-planar upper 

limb motions as cricket bowling, which diminishes the conclusions drawn. 

In 2014, the testing of cricket bowler actions was taken over by the International Cricket Council, 

with little to no information made publicly available on the adopted modelling procedures 

employed. What is known is that following a two-year internal investigation the marker 

configuration now in use strongly reflects the cluster-based configurations used by Lloyd et al. 

(2000), Chin et al. (2009) and Middleton et al. (2009). While this indicates that a CAST-based model 
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is in use, it remains unknown how the model calculates elbow FE angle estimates and the all-

important elbow extension values.  
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4.1. Abstract 

The aim of this study was to determine how two different marker configurations and associated 

models influenced the calculation of elbow flexion-extension (FE) during cricket bowling. Nine 

cricket bowlers performed 12 bowling trials at two independent testing sessions, performed by two 

different testers. Participants were concurrently affixed with both a simple and complex marker set. 

The simple approach positioned markers upon selected anatomical landmarks and joint axes, 

whereas the complex approach positioned markers away from joints using the Calibrated 

Anatomical Systems Technique (Cappozzo et al., 1995). The simple model regularly estimated lower 

mean elbow FE angle when compared with the complex model, with between-model differences 

observed at three discrete events: 1) maximum flexion (simple: 34.8 ±14.0°, complex: 39.9 ±13.6°, 

P<0.001), 2) minimum flexion (simple: 7.3 ±5.8°, complex: 14.0±6.9°, p <0.001), and 3) flexion at ball 

release (simple: 8.9 ±5.4°, complex: 15.7 ±7.8°, p <0.001). Both modelling approaches proved to be 

(inter-tester) repeatable when calculating elbow FE values during the bowling trials (simple RMSD = 

4.6 ±2.3°, intra-class correlation (ICC) range for five discrete events = 0.783-0.994; complex = 2.9 

±1.6°, ICC range = 0.970-0.994). From an applied perspective, simple and complex modelling 

approaches on occasion produced conflicting bowling action legality recommendations as defined 

by the International Cricket Council. In each of these instances, the legality recommendation of the 

complex method favoured the athlete. The observed kinematic differences were likely attributable 

to two main sources; 1) soft tissue artefact variance between simple and complex marker positions, 

and 2) the methods employed for estimating the shoulder joint centre during dynamic movement. 
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4.2. Introduction 

The International Society of Biomechanics (ISB) has published recommended standards for the 

definition and reporting of upper limb joint kinematics (Wu et al., 2005), however, the externally 

affixed marker set used to satisfy these standards remains the discretion of the laboratory/tester. 

This is most likely because marker set configurations are often modified to best suit the movement 

being assessed, the population under investigation, and/or the dependent variables to be analysed. 

Subsequently, a diverse range of marker set configurations and modelling approaches have been 

adopted for the assessment of upper limb kinematics during dynamic tasks (e.g. Lloyd et al., 2000; 

Rab et al., 2002; Schmidt et al., 1999). Though specific marker configurations can vary between 

studies, they can be broadly classified as; 1) simple, those that place external markers directly over 

anatomical landmarks and/or joint axes of rotation, and 2) complex, those that position markers in 

areas deemed to be less affected by skin movement error (SME – also known as skin sliding). The 

SME is generally associated with the areas surrounding joint centres and axes of rotation (Cappozzo 

et al., 1996; Leardini et al., 2005; Schmidt et al., 1999), which lead to the proposal of the Calibrated 

Anatomical Systems Technique (CAST) by Cappozzo et al. (1995). The SME is just one aspect of 

systematic errors characteristic of soft tissue artefact (STA), which also encompasses inertial 

effects/wobble and deformation by muscle contraction and gravity (Leardini et al., 2005). 

When using a simple model, the external markers are assumed to represent the position of the 

underlying anatomical landmark over which they are directly affixed, from which joint centres, joint 

axes and segment-embedded anatomical frames can be calculated. A simple model fundamentally 

requires a lower number of markers, thereby minimising preparation and data analysis time, as 

well as the potential for participant discomfort during testing. 

Complex models employing the CAST require clusters of three or more markers placed on each 

segment of interest. Each marker cluster facilitates the creation of a technical frame (TF), which is 

considered rigidly embedded to the segment. Though generally requiring a greater number of 

markers, and mathematically more complex, a CAST model potentially mitigates some of the 

effects of SME (Cappozzo et al., 1996). The location of virtual or digitised positions (i.e. anatomical 

landmarks required for anatomical frame definition) can be stored within the associated segment 

TF during static calibration, allowing their positions to be tracked without having a marker in that 

position during dynamic trials. For example, elbow epicondyle locations are virtually stored in a TF 

created from a cluster of markers located on the upper arm segment. 
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Despite extensive use of both simple and complex models within the upper limb biomechanics 

literature (Chin et al., 2009; Yeadon and King, 2015; Lloyd et al., 2000; Rab et al., 2002; Schmidt et 

al., 1999), there is a paucity of research comparing the joint kinematics estimated by each 

approach, particularly during dynamic tasks. Yeadon and King (2015) compared a simple and a 

complex model during cricket bowling, reporting 10° difference between elbow flexion-extension 

(FE) angles. By comparing elbow FE angles from both approaches with concurrently recorded two-

dimensional (2D) video footage, the investigators recommended that cricket researchers should 

use a simple marker set/model; however, the use of 2D video as a validation measure is not 

generally accepted for multi-planar upper limb movements (Aginsky and Noakes, 2010). 

Accurate and reliable estimations of elbow joint FE angles during cricket bowling is an applied 

example where the upper limb model adopted is of critical importance to both the athlete and the 

regulatory body of the sport. Within the game of cricket, the rules restrict the range of elbow 

extension between upper arm horizontal (UAH) and ball release (BR) during the bowling action 

(Law 24.3 - Marylebone Cricket Club, 2013) to less than 15° (International Cricket Council, 2016). A 

bowler deemed to exceed this elbow extension threshold during a sanctioned biomechanical 

testing session may be suspended from the game at the discretion of the governing body 

(International Cricket Council). Subsequently, if minor between-model discrepancies exist in elbow 

joint angle estimates, this may potentially result in contrasting legality findings. Although both 

simple and complex modelling approaches have been used previously to assess a cricket bowlers 

elbow extension ranges (Chin et al., 2009; Lloyd et al., 2000; King and Yeadon, 2012; Yeadon and 

King 2015), there is limited research investigating whether the two approaches calculate 

comparable elbow FE angles during the delivery phase. Additionally, the repeatability of either 

approach in an adequate sample size has yet to be explored. Yeadon and King (2015) justify the use 

of a simple model by suggesting that relatively small changes in elbow FE occur during cricket 

bowling, meaning SME will be of little consequence. The counter-argument to this claim is that 

bowlers with illegal actions, by definition, possess excessive elbow extension. Ultimately, the extent 

to which SME may affect elbow extension estimates, and how the simple and complex models 

differ during cricket bowling assessments is not currently known and warrants further investigation. 

The aim of this study was to compare the elbow FE estimates of a simple and complex model and 

marker configurations during cricket bowling. Via analysis of elbow FE values from dynamic bowling 

trials, we: 1) directly compared the joint angle outputs of both modelling approaches (inter-model 

comparison), and 2) assessed the inter-tester repeatability of both the simple and complex 

kinematic models using both experienced and inexperienced testers. The null hypotheses formed 

state; 1) simple and complex elbow FE values would not be significantly different from each other; 

and 2) the simple and complex modelling approaches, verified independently, would not calculate 

significantly different elbow FE angles between-testers (inter-tester repeatability). 
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4.3. Methods 

Participants 

Nine international-level cricket bowlers were recruited, comprising of one female and eight male 

participants, providing a statistical power of 0.76 (Faul et al., 2007) Participants were classified as 

either pace (n = 6) or spin (n = 3) bowlers and either right (n = 8) or left (n = 1) hand dominant. All 

participants were recruited as they had previously been reported, or were suspected by 

national/international cricket officials, of having doubtful bowling actions from a legality 

perspective. For a detailed breakdown of participant information see Chapter 3.1. Prior to data 

collection, each participant provided informed consent and all experimental procedures performed 

were approved by the University of Western Australia’s Human Research Ethics Committee 

(RA/4/1/5927). 

Data Collection and Modelling 

Each bowler participated in two independent biomechanical testing sessions within a single day 

(morning– session 1, afternoon – session 2) at which their cricket bowling kinematics were 

collected. Full participant description is available in Chapter 3.1. Bowlers were instructed to match 

the delivery type and speed from session 1 to session 2 and were instructed to replicate 

competition intensity as closely as possible. For each testing session, two externally affixed marker 

sets were concurrently applied; 1) a simple marker set, consisting of pairs of single markers placed 

around the wrist, elbow and shoulder joints; and 2) a complex marker set, consisting of clusters of 

three markers mounted upon a lightweight, semi-rigid plastic or aluminium base (Figure 4.1, Table 

4.1). Testers with extensive experience using each approach performed session 1 marker 

placement, with tester 1 applying the simple and tester 2 concurrently applying the complex 

marker set. For session 2, an inexperienced tester (tester 3) applied both marker sets in accordance 

with written instructions provided by testers 1 and 2 (Figure 4.2).  

Each participant completed motion capture calibration trials that comprised of one static A-pose 

trial (elbow joint at maximum extension, shoulders abducted to approximately 45°) and two static 

pointer trials in accordance with the CAST, which digitised the location of the elbow epicondyles for 

storage within an upper arm TF (as described in Chin et al., 2009). Twelve bowling trials were then 

completed (total bowling trials per session = 108). The protocol was repeated for session 2. For a 

detailed description of the study design please refer to Chapter 3.1.  

External marker trajectory data were collected using an 18-camera combined Vicon MX-13 (n = 12) 

/MX-40 (n = 6) system, sampling at 250 Hz. These data were processed within Vicon Nexus (1.8) 
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software pipeline, with each bowling trial undergoing marker data labelling and subject to a fourth 

order zero-lag low pass Butterworth filter at a participant-specific cut-off frequency (19-21 Hz). 

These values were determined by residual analysis (Winter, 2005) and visual inspection.  

Simple and complex models were run concurrently within the Vicon Nexus pipeline for all bowling 

trials. Each model comprised of two upper limb segments, an upper arm and forearm (Table 4.2), 

connected by a six degree of freedom elbow joint. 

No additional calibration trials were performed for the simple modelling approach. During dynamic 

trial processing, the required joint centres were calculated directly as the midpoint of the two 

markers placed around each joint (Table 4.1). Static calibration trials were performed for the 

complex modelling approach to store the positions of the two wrist styloid process marker 

positions (relative to the forearm TF) and the two elbow epicondyle positions (relative to the distal 

upper arm TF) (Table 4.1). During bowling trials, these virtual marker positions were tracked within 

their respective TFs, allowing the calculation of wrist and elbow joint centres as the midpoint of 

each respective virtual landmark pair. The shoulder joint centre was calculated during the static A-

pose trial using the regression equation defined in Campbell et al. (2009a) and estimated during 

bowling trials as per Campbell et al. (2009b) (Table 4.1). A complete description of the complex 

model is presented in Chapter 3.2.  

Elbow angles for each approach were calculated by decomposing the child segment (forearm) 

relative to the parent (upper arm) in accordance with ISB standards (Wu et al., 2005) in the order: 

FE (Z axis); abduction-adduction (X axis); pronation-supination (Y axis). A negative elbow FE value 

indicated elbow hyperextension.  

 

Figure 4.1: Simple and complex marker sets. Both external marker sets concurrently applied to a single 
participant. Figure previously presented in Chapter 3.1. 
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Figure 4.2: Research design and analysis. Figure previously presented in Chapter 3.1. 

 



 

112 

Table 4.1: Model Definition – marker positions and joint centre estimation. TF = technical frame. 

 Simple Model Complex Model 

Shoulder Joint 

Centre 

(SJC) 

Marker Placement: Anterior Humeral Head and Posterior 

Humeral Head – positioned whilst the arm is overhead so that the 

line joining these markers intersected the midline of the upper 

arm 

Marker Placement: Acromion marker cluster – the long edge of the cluster base plate parallel with the 

lateral ridge of the acromion 

Proximal Upper Arm cluster – long edge of the cluster base plate parallel with the humerus, perpendicular 

short edge wrapping behind the lateral head of the biceps 

 

Joint Centre (SJCSIMPLE): Midpoint of anterior and posterior 

humeral head markers 

Joint Centre (SJCCOMPLEX): Regression equation (Campbell et al., 2009a) during static A-pose*, stored within 

acromion and proximal arm TF (Campbell et al., 2009b). During bowling trials, the joint centre is recreated 

virtually within both TFs, with the midpoint deemed the final joint centre 

Elbow Joint 

Centre 

(EJC) 

Marker Placement: Medial Elbow Epicondyle (LE) and Lateral 

Elbow Epicondyle (ME) – positioned over palpated bony 

epicondyle landmarks such that the midpoint of the marker pair 

is the midline of the arm and forearm. Elbow extended during 

placement 

Marker Placement: Distal Upper Arm cluster – 3-4 cm superior to the olecranon process, short edge of the 

base plate pointed proximal 

 

Joint Centre (EJCSIMPLE): Midpoint of ME and LE markers Joint Centre (EJCCOMPLEX): Lateral and medial elbow epicondyle locations digitised using a “pointer” (as per 

Cappozzo et al., 1995) within distal upper arm TF (Chin et al., 2009). During bowling trials, the joint centre is 

the midpoint of recreated virtual elbow epicondyles 

Wrist Joint Centre 

(WJC) 

Marker Placement: Lateral Wrist (LW) and Medial Wrist (MW) – 

positioned near the styloid processes such that the midpoint of 

the marker pair is the midline of the forearm 

Marker Placement: Forearm cluster – 2-3 cm proximal of the styloid process’ of the radius and ulna, 

posterior surface of forearm  

 Joint Centre (WJCSIMPLE): Midpoint of LW and MW markers Joint Centre (WJCCOMPLEX): LW and MW marker locations within forearm TF stored during static A-pose. Joint 

centre is the midpoint of recreated virtual wrist markers during dynamic trials 

* The SJC for the female participant was estimated through the generic offset described in Campbell et al. (2009a) 
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Table 4.2: Model Definition – anatomical frame (AF) definition. 

AF/ Segment Line Order and Definition 

Simple Upper Arm Origin: EJCSIMPLE 

1 (Y-axis): unit vector from EJCSIMPLE to SJCSIMPLE (superior positive) 

2 (X-axis): cross-product of Y-axis and unit vector from LE and ME (anterior positive) 

3 (Z-axis): orthogonal to X-Y plane (positive left to right) 

Complex Upper Arm Origin: EJCCOMPLEX 

1 (Y-axis): unit vector from EJCCOMPLEX to SJCCOMPLEX (superior positive) 

2 (X-axis): cross-product of Y-axis and unit vector from LE and ME (anterior positive) 

3 (Z-axis): orthogonal to X-Y plane (positive left to right) 

Simple Forearm Origin: WJCSIMPLE 

1 (Y-axis): unit vector from WJCSIMPLE to EJCSIMPLE (superior positive) 

2 (X-axis): cross-product between Y-axis and unit vector from LW to MW (anterior positive) 

3 (Z-axis): orthogonal to the X-Y plane (positive to right) 

Complex Forearm Origin: WJCCOMPLEX 

1 (Y-axis): unit vector from WJCCOMPLEX to EJCCOMPLEX (superior positive) 

2 (X-axis): cross-product between Y-axis and unit vector from LW to MW (anterior positive) 

3 (Z-axis): orthogonal to the X-Y plane (positive to right) 

 

Data Analysis 

From each static A-pose trial, a baseline measurement of elbow FE and abduction was calculated 

for each participant and session using both the simple and complex models. 

For each dynamic bowling trial, time varying elbow FE values estimated by both simple and complex 

models were cropped to time-dependant events, beginning at UAH (the first data frame the 

modelled upper arm segment passes through the global horizontal plane) and ending at BR (the 

first data frame with distinguishable separation between the ball and hand). This portion of the 

bowling action has been operationally defined by Lloyd et al. (2000) as the ‘delivery phase’ (Figure 

3.20). Elbow FE values were extracted at the following discrete events within the delivery phase for 

each modelling approach; UAH, maximum flexion, minimum flexion, BR, and the total elbow 

extension range (defined as the difference between maximum and subsequent minimum elbow 

flexion values during the delivery phase). Delivery phase elbow FE waveform data was time 

normalised to 101 data points via cubic spline interpolation.  Any elbow hyperextension (<0°) was 

excluded from the final elbow extension range as per International Cricket Council guidelines.  

To test whether session 1 and 2 data was suitable for both pooling (for the inter-model 

assessment) and comparing with each other (for the inter-tester assessment), the duration of the 

delivery phases of each session were compared. It was assumed that an equal duration would 
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indicate that the bowling delivery phase was performed at a similar intensity by each bowler across 

sessions 1 and 2. The mean duration of each participants’ delivery phase in both sessions was 

calculated and compared using a paired samples t-test. 

The inter-model assessment compared simple with complex elbow FE joint angles using pooled 

data from the session 1 and session 2 data collections (Figure 4.2). Static A-pose trial elbow FE and 

abduction angles were compared using Wilcoxon Signed Ranks Test and intra-class correlation 

(ICC). The inter-model comparison of bowling elbow FE waveforms was performed with both zero-

dimensional root mean squared deviation (0D - RMSD) and one-dimensional statistical parametric 

mapping (SPM1D – Pataky et al., 2013, see Chapter 3.5) tests. Discrete elbow FE events were 

assessed for differences using a one-way ANOVA and intra-class correlation (ICC). The correlations 

were classified using Cohen’s recommendations (Cohen, 1988) as weak (< 0.2), moderate (0.2 – 0.8) 

or strong (> 0.8). For all comparative statistical tests, an alpha of 0.05 was adopted. 

Inter-tester repeatability was independently assessed for each modelling approach by comparing 

elbow angles from session 1 (experienced tester) with those from session 2 (inexperienced tester) 

(Figure 4.2). Static A-pose trial elbow FE and abduction angle offsets were compared using 

Wilcoxon Signed Ranks Test and ICC. The repeatability of time-varying elbow FE waveforms from 

dynamic bowling trials was assessed by both 0D (RMSD) and 1D (SPM1D) statistical tests. Discrete 

elbow FE events were tested using a one-way ANOVA and ICC. For all repeatability statistical tests, 

an alpha of 0.05 was adopted. 

Where differences were observed between the simple and complex model elbow joint angle 

estimations, further analyses were undertaken to identify the potential source of the difference. 

Specifically, the Euclidian distance between estimated joint centres (i.e. the distance between the 

simple and the complex shoulder joint centres), and upper arm and forearm segment lengths for 

both approaches were calculated during static A-pose trials (to provide baseline measures) and 

throughout the delivery phase of each bowling trial. The mean and maximum distance between 

joint centres, and the percentage change in segment lengths, relative to each participant’s baseline 

measure (static A-pose trial) were calculated.  

Based upon the elbow extension range value calculated by both simple and complex models, each 

bowling trial was classified as either “illegal” (>15° elbow extension range) or “legal” (≤15° elbow 

extension range) as per the International Cricket Council’s operational definition (International 

Cricket Council, 2016). The trials where simple and complex extension ranges returned contrasting 

legality rulings are highlighted. 
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4.4. Results 

The difference in the average delivery phase duration between session 1 and 2 was less than a 

single frame of data (mean < 0.004 s, largest difference = 0.010 s). The paired t-test returned no 

differences (t = 0.525; p = 0.612) and so session 1 and 2 data were considered similar, thereby 

facilitating data pooling and inter-model analyses.  

The simple model baseline elbow angles derived from the static A-pose trials were significantly 

lower than complex values for both FE (simple: 11.0 ±5.3°, complex: 14.3 ±7.4°; Z = -2.983, p = 

0.003) and abduction (simple: 14.5 ±6.7°, complex: 16.5 ±8.4°; Z = -3.114, p = 0.002), despite the 

inter-model values being strongly correlated (ICC: FE = 0.868; abduction = 0.952). The elbow FE 

waveforms estimated by simple and complex modelling approaches during bowling trials returned a 

moderate RMSD (5.8 ±2.4°) relative to the magnitude of motion ranges observed, whilst the 

SPM1D analysis showed that simple model elbow FE waveform was non-linearly offset, and was 

always lower than the complex equivalent across the entire delivery phase (SPM1D = 100% time 

different; p < 0.001) (Figure 4.3.1). Significantly lower elbow FE values were observed for the simple 

model at three discrete events: 1) maximum flexion (simple: 34.8 ±14.0°; complex: 39.9 ±13.6°; p < 

0.001), 2) minimum flexion (simple: 7.3 ±5.8°; complex: 14.0 ±6.9°; p < 0.001) and 3) BR (simple: 8.9 

±5.4°; complex: 15.7 ±7.8°; p < 0.001) (Table 4.3).  

Table 4.3: Simple versus complex inter-model discrete elbow FE event analysis. Means and standard 
deviations presented for each approach. ANOVA (F-score and p-value) and Intra-Class Correlation (ICC) 
statistics presented for inter-model analysis. 

Elbow FE Event Simple (°) Complex (°) ANOVA ICC 

Upper Arm Horizontal 26.1 (±12.2) 27.2 (±12.8) F =2.242, p = 0.135 0.977 

Maximum Flexion 34.8 (±14.0) 39.9 (±13.6) F = 15.062, p <0.001* 0.953 

Minimum Flexion 7.3 (±5.8) 14.0 (±6.9) F = 143.839, p <0.001* 0.675 

Ball Release 8.9 (±5.4) 15.7 (±7.8) F = 151.669, p <0.001* 0.662 

Extension Range 26.9 (±13.0) 25.9 (±13.7) F = 0.548, p = 0.460 0.976 

* indicates statistical significance p < 0.05 

 

The inter-tester repeatability of baseline FE and abduction angles calculated from the static A-pose 

trials were high, with no statistical differences, for both simple (FE session 1 [tester 1] = 11.5 ±5.9°, 

session 2 [tester 3] = 10.5 ±5.2°) and complex (FE session 1 [tester 2] = 14.4 ±7.3°, session 2 [tester 

3] = 14.2 ±8.4°) models (Table 4.4). High inter-tester repeatability for both simple and complex 

models was found during bowling trials, with no statistical differences reported by SPM1D, and 

moderate-low RMSD values observed (simple RMSD = 4.6 ±2.3°, Figure 4.4.1; complex RMSD = 2.9 

±1.3°, Figure 4.4.2) for elbow FE waveforms. Likewise, the analysis of discrete elbow FE events 
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returned high inter-tester repeatability for both simple (no statistical differences, moderate-high 

correlations > 0.7) and complex (no statistical differences, high correlations > 0.9) models (Table 

4.4, Table 4.5) 

 

Figure 4.3: Simple versus complex inter-model comparison. Mean elbow flexion-extension and standard 
deviation clouds for both modelling approaches, across both sessions (4.3.1., RMSD inset). SPM1D time 
varying analysis of the simple and complex modelling approach elbow flexion-extension data (4.3.2.). 
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Figure 4.4: Inter-tester analysis of simple (4.4.1.) and complex (4.4.2.) models: mean elbow flexion-extension 
(with standard deviation clouds). No differences were found using SPM1D 
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Table 4.4: Static A-pose inter-tester (between session) repeatability analysis. Average (and standard 
deviation) elbow flexion-extension (FE) and abduction values are presented, with Wilcoxon Ranked Signs (Z-
score and p-value) and Intra-Class Correlations (ICC) statistical tests. 

 Simple Complex 

Session Session 1 Session 2 Z-Score ICC Session 1 Session 2 Z-Score ICC 

 (Tester 1) (Tester 3) (p)  (Tester 2) (Tester 3) (p)  

FE 
11.5 

(±5.9°) 

10.5 

(±5.2°) 

-0.415 

(0.678) 
0.721 

14.4 

(±7.3°) 

14.2 

(±8.4°) 

-0.296 

(0.767) 
0.928 

Abduction 
15.3 

(±6.2°) 

13.8 

(±7.9°) 

-1.362 

(0.173) 
0.969 

16.7 

(±8.8°) 

16.1 

(±9.0°) 

-1.125 

(0.260) 
0.982 

 

Table 4.5: Inter-tester analyses. Discrete elbow flexion-extension events extracted from bowling trials, 
ANOVA (F-score and p-value) and Intra-Class Correlation (ICC) statistics presented for each modelling 
approach and session. 

Elbow Flex-Ext 
Simple Complex 

Session 1 Session 2 Session 1 Session 2 

Upper Arm Horizontal (°) 

26.4 (±12.6) 25.8 (±11.8) 28.3 (±13.6) 26.1 (±12.0) 

F = 0.122, p = 0.727; 

ICC = 0.975 

F = 1.662, p = 0.199; 

ICC = 0.970 

Maximum Flexion (°) 

34.8 (±14.5) 34.9 (±13.5) 39.8 (±14.0) 40.1 (±13.3) 

F = 0.002, p = 0.965; 

ICC = 0.966 

F = 0.021, p = 0.885; 

ICC = 0.989 

Minimum Flexion (°) 

6.9 (±5.9) 7.7 (±5.7) 13.5 (±7.1) 14.5 (±6.7) 

F = 1.118, p = 0.291; 

ICC = 0.783 

F = 1.129, p = 0.289; 

ICC = 0.978 

Ball Release (°) 

8.6 (±6.0) 9.3 (±4.9) 14.8 (±7.3) 16.6 (±8.1) 

F = 0.854, p = 0.357; 

ICC = 0.801 

F = 2.956, p = 0.087; 

ICC = 0.980 

Extension Range (°) 

27.6 (±13.1) 26.3 (±12.9) 26.3 (±14.0) 25.5 (±13.5) 

F = 0.542, p = 0.463; 

ICC = 0.994 

F = 0.155, p = 0.694; 

ICC = 0.994 

 

Scrutiny of the source of the FE angle differences between simple and complex approaches found 

that the Euclidian distance between modelled joint centres decreases down the upper limb 

kinematic chain, with the shoulder having the greatest, and the wrist the smallest differences. This 

was true for both static A-pose trials and dynamic bowling trials (Figure 4.5). During static A-pose 

trials, the simple and complex forearm segment lengths were found to be similar (simple: 260.2 

±23.5 mm; complex: 258.4 ±22.9 mm) whilst the complex approach upper arm length (315.0 ±19.4 

mm) was ~ 25 mm longer than that estimated by the simple model (289.6 ±23.2 mm). The variation 

of simple model segment lengths from baseline measures during bowling trials was calculated at 

1.9 ±1.0% for the forearm and 3.8 ±2.2% for the upper arm. The variation of complex model 
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segment lengths was calculated at 3.3 ±1.7% for the forearm and 2.3 ±1.3% for the upper arm 

(Figure 4.6). Both models from an inter-tester repeatability perspective produced consistent 

segment lengths. 

 

Figure 4.5: Mean distance between simple and complex modelled joint centres during both static A-pose and 
dynamic bowling trial types. 

 

Figure 4.6: Segment length fluctuation (%) from baseline static A-pose length. 
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When each bowling trial was classified as either ‘legal’ (<15° elbow extension) or ‘illegal’ (>15°), the 

simple and complex models returned conflicting legality rulings on four occasions (Table 4.6). In 

each instance, the simple ruling was ‘illegal’ (mean elbow extension from conflicting ruling 

deliveries = 18.6°), and the complex ruling ‘legal’ (mean = 12.6°) as per the operational definition of 

the International Cricket Council. 

Table 4.6: Conflicting Legality. Deliveries which returned conflicting legality recommendations. 

  Elbow Extension Range  

Participant 
Session (1,2) / 

Delivery (1-12) Simple Complex 
Difference  

(% Difference) 

Four 1/6 17.6° (illegal) 14.6° (legal) 3° (18.6%) 

Four 2/7 17.7° (illegal) 13.4° (legal) 4.3° (27.7%) 

Five 2/1 22.1° (illegal) 14.4° (legal) 7.7° (44.2%) 

Nine 1/8 17.1° (illegal) 8.2° (legal) 8.9° (70.4%) 

4.5. Discussion 

The purpose of this study was to determine if a simple or complex upper limb kinematic model, as 

defined by marker configuration, influences the elbow FE angles calculated during the delivery 

phase of cricket bowling. Whilst both models were found to be inter-tester repeatable, the simple 

model estimated elbow FE angles that were consistently lower in magnitude than complex values, 

by both time-variant (1D) and discrete event (0D) analyses.  

Whilst simple and complex models may not present large functional differences during static A-

pose calibration trials, the two models’ mean elbow FE estimates differed throughout the dynamic 

bowling trials (1° at UAH, to 7° approaching BR, Table 4.3). The SPM1D analysis of the bowling trials 

demonstrates that simple and complex elbow FE waveforms significantly deviated from one 

another non-linearly over the bowling delivery phase (Figure 4.3.2). To understand how these 

differences may have manifested, the mean distance between simple and complex centres were 

calculated throughout all static A-pose and bowling trials. This also allowed the calculation of both 

baseline (static A-pose trial) and dynamic trial (bowling trial) segment lengths. The mean offset of 

30 mm between the simple and complex model shoulder joint centre position was the largest of the 

joint centres tested. Given that the complex model method of estimating shoulder joint centre has 

been validated with in-vivo data (Campbell et al., 2009b), the offsets are likely attributed to the 

crude method by which the simple model dynamically estimates the shoulder joint centre location. 

It should be acknowledged that neither method has been validated under dynamic conditions, and 

how STA affects each shoulder joint centre estimation method under such large accelerations 

remains unknown. Although smaller in magnitude than the shoulder, the mean 16.4 mm offset in 

simple and complex elbow joint centre positions would also affect the downstream elbow joint 
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angle estimates. Lower limb modelling research has shown that joint centre misidentifications of 

this magnitude will impact segment anatomical frame definitions and propagate to differences in 

resultant joint angle calculations (Stagni et al., 2000; Della Croce et al., 2005).  

Mean wrist joint centre differences were on average only 3.9 mm, which is considerably less than 

the width of the markers used (12 mm), and the impact of which would be considered negligible or 

inconsequential for the observed differences in joint angle estimates. The lower volume of soft 

tissue covering the wrist anatomical landmarks is likely why such small differences between simple 

and complex methods were reported. In the interest of reducing the number of external markers, a 

simple marker configuration for the wrist joint would be sufficient and is recommended for future 

marker sets. 

The SPM1D analysis showed the greatest difference between the two modelling approaches was 

found towards the end of the delivery phase (Figure 4.3.2), coinciding with the arm being overhead 

due to large glenohumeral joint circumduction. To achieve this movement, a complex interaction of 

scapular elevation and displacement are required (Hogfors et al., 1991; Robert-Lachaine et al., 

2015; Seth et al., 2016). Both large joint ranges of motion and the high segment accelerations 

associated with the cricket bowling action are conditions that may serve to exacerbate SME/STA 

error during this time and go toward explaining the segment length changes observed.  

Segment length data indicates that the simple model upper arm was more variable than other 

segments modelled (simple and complex). What is also observed is that the length of the simple 

forearm is the least variable, indicating that the joint centre unique to the upper arm – the 

shoulder – was the likely source of the upper limb segment length variability.  Unlike the complex 

model’s magnetic resonance imaging (MRI)-based validation (Campbell et al., 2009b), the simple 

model method for estimating the shoulder joint centre has undergone no validation for overhead 

actions. The forearm is the more variable of the two complex segments, likely explained by the 

elbow joint centre being held in a technical frame attached to the upper arm. This appears to 

replicate anatomical function, as the FE axis of rotation is accepted as passing through the centre of 

the trochlea and capitulum of the humerus (Deland et al., 1987; London, 1981, Youm et al., 1979), 

meaning any joint translation propagates in the forearm segment. When considering that 1) 

segment length variation of the simple model upper limb can be isolated to the shoulder joint 

centre which has not undergone validation, and 2) there is a possible anatomical explanation for 

the segment length fluctuation of the complex forearm, the complex model is recommended for 

the direct kinematic modelling of overhead dynamic movements at this time. 
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Both the discrete elbow events that presented differences of up to 8°; maximum flexion, minimum 

flexion and BR, and conversely no differences at UAH and across the elbow extension range, were 

consistent with results reported by Yeadon and King (2015). The direction of these differences is 

also consistent with Yeadon and King (2015), with the overall mean elbow FE angle calculated by 

the simple model being lower than that determined by the complex model. Yeadon and King (2015) 

compare elbow angles calculated by the two models with a criterion measure of 2D sagittal plane 

video footage. As the upper limb typically moves through multiple planes of movement during 

dynamic tasks such as cricket bowling, there is serious potential for perspective errors to be 

introduced. Previous research has shown this, stating that single plane 2D video is not an 

appropriate criterion measure for upper limb kinematic analyses (Aginsky and Noakes, 2010; Elliott 

et al., 2007; Rau et al., 2000). Portus et al., (2006), specifically regarding the cricket bowling action, 

declare that match-based analyses (video) can only provide very rudimentary insight into the 

complex multi-planar motion; and that marker-based motion capture systems are better able to 

model elbow joint angles in three dimensions. Interestingly, Yeadon and King (2015) attempt to 

address this limitation by providing exclusion criteria for removing any deliveries where the arm 

was out of the video plane. But exclusions were based purely on visual approximations from the 

captured footage, which leaves the possibility of perspective error influencing their criterion 

measure. Finally, Yeadon and King (2015) maintain that SME may be of minor consequence during 

cricket bowling, as magnitudes of elbow FE are typically less than 15°. The elbow FE angles 

presented in the current study demonstrate that illegal bowlers - those likely to be scrutinised by 

testing - may present with much greater ranges of motion (on average > 25° for both models) and 

as such SME should remain a significant consideration for future research. 

The International Cricket Council has designated elbow extension as the single deterministic 

measure of bowler legality, with athletes having to demonstrate less than 15° of extension during 

the delivery phase to be considered legal. Despite differences in both maximum and minimum 

elbow flexion events, mean elbow extension ranges for both the simple and complex model were 

similar (mean simple model elbow extension range = 26.9 ±13.0°; complex = 25.9 ±13.7°). However, 

when elbow extension estimates for the simple and complex models were considered in isolation 

and bowlers classified as either ‘illegal’ or ‘legal’, three bowlers returned at least one delivery with 

conflicting legality recommendations (Table 4.6). In each case, the simple model calculated an 

elbow extension angle range > 15°, whilst the concurrently collected complex model elbow 

extension range was < 15° for the same trial. The inconsistency in legality rulings between the 

simple and complex model’s elbow extension ranges (ranging from three to nine degrees) is a 

demonstration of how the systematic errors characteristic of STA influence the external marker 

configurations and models differently. Whilst only occurring in a small number of deliveries given 

the sample size, this comparison demonstrates the potential impact a researcher’s choice of 
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marker set/model may have for a cricket bowler under investigation. One model returns a ‘legal’ 

ruling, meaning the athlete can return to play; the other would lead to a recommendation that 

could see the athlete banned from competition. It is worth noting that bowlers recruited for this 

study were previously suspected of illegal bowling actions, due to their large elbow extension 

ranges, which was supported by the final data (both mean extension ranges > 25°). It is proposed 

that if a dataset were collected with an average extension range closer to the 15° threshold, the 

choice of model could have an even greater impact on the final legality recommendation.  

This study comprised several research design limitations. Firstly, to comment on simple or complex 

model accuracy, a ground truth measure is required. This currently isn’t possible due to limitations 

in gold standard measurement technology (such as fluoroscopy and functional MRI), and the 

movement under investigation being of a highly dynamic nature. Yeadon and King (2015) utilised 

2D video footage to validate 3D calculated elbow FE angles, however, given the multi-plane nature 

of upper limb movements and the potential for perspective error, the use of video as a validation 

measure is not considered appropriate and not recommended. Secondly, shoulder joint centre 

estimation is often recognised as a limiting factor in dynamic upper limb modelling (Hogfors et al., 

1991; Rau et al., 2000; Reid et al., 2010). In this study, the simple model method of shoulder joint 

centre estimate has not yet been validated; whilst the complex equivalent has been validated using 

MRI for several static postures, including overhead (Campbell et al., 2009b). It should be noted that 

despite this validation, static conditions have been shown to differ from dynamic condition 

kinematic patterns (Robert-Lachaine et al., 2015). Finally, the test population consisted of elite 

athletes that have been previously suspected and/or reported for illegal bowling actions, limiting 

the application of these findings to a general cricket community or to other overhead sporting 

tasks. However, it should be noted the population tested is one that will most likely come under 

scrutiny by authorities and be subjected to an independent 3D bowling action analysis, facing 

potential suspension from competition, loss of income and reputation damage if found to be 

breaching tolerance thresholds. Given that estimating the dynamic shoulder joint centre positions 

was the largest discrepancy between models, future studies should continue to target 

improvement in modelling the scapula/shoulder complex during a wider range of dynamic 

conditions including overhead movement. Other research directions could explore alternative 

kinematic modelling approaches such as inverse kinematics which utilises rigid linked models to 

mitigate the impact of STA (Duprey et al., 2016). 
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4.6. Conclusion  

Simple and complex (utilising CAST) direct kinematic modelling approaches are both highly inter-

tester repeatable when estimating elbow FE during cricket bowling. From the data presented 

within this study, the complex modelling approach produces lower upper arm segment length 

variation, and more conservative elbow extension range estimates, which would favour the bowler 

during legality testing. Until such time that the accuracy of the presented models can be validated 

against ground truth data, the complex model is the recommended modelling approach for the 

kinematic analysis of cricket bowling actions. 
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Research Linking Statement 

The study presented in Chapter 4 found that direct kinematic (DK) models reliant on different 

marker configurations may not estimate the same elbow FE angles during overhead sports like 

cricket bowling. Without an existing upper limb criterion method for establishing biomechanical 

model accuracy among human participants, recommendations regarding the adoption of either a 

simple or complex DK approach can only be based on our interpretation of surrogate measures, 

such as segment length variation. The difficulty in obtaining ground truth kinematic measurements 

can be attributed to the complex nature of soft tissue artefact and its introduction of non-linear 

systematic errors with frequencies in the same bandwidth as the biological signal being recorded 

(i.e. kinematics and kinetics). There are currently DK models being developed that employ 

sophisticated mathematical approaches to remove the systematic errors characteristic of soft 

tissue artefact, but they are not yet progressed to the point of being useable by the global 

biomechanics community (referred to Chapter 2.2: Advanced Soft Tissue Artefact Compensation 

Methods). There is, however, an alternative kinematic modelling approach, inverse kinematics (IK), 

which has been shown to mitigate the influence of soft tissue artefact errors during simulated 

human and actuated robotic gait. The IK modelling approach requires validation testing prior to 

being used for measuring experimentally recorded upper limb kinematics during sporting tasks, 

such as cricket bowling.  
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5.1. Abstract 

The aim of this study was to determine whether the inverse kinematics (IK) modelling approach 

within OpenSim can estimate valid elbow flexion-extension (FE) angles. The first phase of this study 

utilised a mechanical linkage representing an arm, tested under both 1) manually set static posture 

configurations, and 2) dynamic elbow FE motion conditions. Markers were mounted on the 

mechanical linkage, from which elbow FE angles were estimated using a skeletal model within 

OpenSim via the IK function (OpenSim-IK). As exact joint centre positions were known for the 

mechanical linkage, a custom direct kinematic (DK) model was used to calculate FE angles that 

were considered ground truth values. Of the 18 static postures tested, only one configuration 

returned an OpenSim-IK model estimated elbow FE angle >1° different from the ground truth 

values (40° flexion, 20° abduction). Dynamic elbow FE trials returned low root mean square errors 

of <1.2° between the DK and OpenSim-IK model estimates for three elbow abduction conditions 

(≈1.3% range of motion). The second phase of this study was a pilot study performed using 

OpenSim-IK to model human motion data. Elbow FE angles from three cricket bowlers were 

modelled using both OpenSim-IK and compared against a criterion measure, that being the 

previously established CAST-based DK model (UWA-DK) (Chapter 3.2. , Chapter 4). During the 

dynamic bowling trials, elbow FE angles were not consistently correlated between models (R2 

values 0.01 - 0.98). These results indicate that IK modelling, whilst valid under controlled conditions 

with no soft tissues present (mechanical linkage tests), requires further investigation before it can 

be used for modelling human data. Future research should investigate the skeletal model 

preparation prior to IK modelling as there appears scope within this stage to impact IK modelled 

results. 
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5.2. Introduction 

For the study of human movement, biomechanical models are needed to denote the underlying 

bony skeleton system. From such models, joint angles and joint moments and muscle forces can be 

estimated. To date, sport biomechanics researchers have traditionally used direct kinematic (DK) 

modelling methods to estimate upper limb segment position and orientation. While DK modelling 

approaches have advanced our understanding of upper limb kinematics in sports such as tennis, 

baseball and cricket (Elliott & Alderson, 2007; Ferdinands & Kersting, 2007; Lloyd et al., 2000; 

Portus et al., 2006), soft tissue artefact (STA), defined as soft tissue movement between externally 

affixed markers and the internal bone they are considered embedded to, can potentially 

deleteriously affect DK modelled kinematic estimates (Leardini et al., 2005). As joint centres and 

joint axes of rotation are calculated from the position of the externally affixed markers in recorded 

frames, any error resulting from STA is propagated from the experimentally recorded marker data 

to; joint centre, segment length, anatomical reference frame definitions and finally joint angle 

outputs. Additionally, any changes to segment lengths during a dynamic task violates one of the 

underlying assumptions of DK modelling – the rigid body assumption, which implies segment 

dimensions are maintained during dynamic movement. 

An alternative modelling approach potentially capable of addressing the systematic errors 

introduced by STA is inverse kinematics (IK), which can be freely accessed through the open-

sourced musculoskeletal modelling software OpenSim (Delp et al., 2007). Within the OpenSim 

modelling framework, IK is used to solve the generalised coordinates of a scaled skeletal model 

using a global optimisation computational approach (all segments considered simultaneously) (Lu & 

O'Connor, 1999). It accomplishes this through a cost function that minimises the least square 

distance between the rigid virtual markers of a scaled skeletal model and corresponding 

experimentally recorded marker data. Through this optimisation process, the skeletal model’s 

generalised joint coordinates (i.e. joint angles) are manipulated to produce a best-fit IK solution, 

containing joint angle values for each frame of data (Delp et al., 2007). The use of a predefined 

skeletal model has been suggested to reduce the influence of STA as the rigid body assumption is 

maintained during dynamic movement (Delp et al., 2007; Leardini et al., 2005).  

The use of IK to calculate participant-specific kinematics has proven to be an accurate (Lu & 

O'Connor, 1999) and repeatable (Charlton et al., 2004) method when applied to the lower limb, yet 

its application remains relatively untested for the assessment of upper limb kinematics and 

kinetics. Roux and colleagues (2002) examined the use of a global optimisation technique and joint 

constraints in the upper limb with simulated data, and whilst results were promising, only 

longitudinal rotations were investigated. With more researchers currently adopting IK modelling 
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approaches, there is little published research investigating the accuracy and repeatability of IK 

derived kinematics and kinetics. Those studies which do exist often use simulated trial data (i.e. Lu 

and O’Connor, 1999; Roux et al., 2002) with Gaussian-type noise models, limiting the relevance of 

findings when modelling experimentally recorded human motion data. 

The purpose of this study was to determine whether the IK tool within OpenSim (OpenSim-IK) can 

estimate accurate elbow flexion-extension (FE) angles. Phase 1 controlled for the influence of STA 

by utilising a rigid mechanical linkage representing a human upper limb, recorded in a series of 

static and dynamic trials. Phase 2 was a case study, with the OpenSim-IK model used to estimate 

elbow FE angles from a small pre-collected dataset of experimentally recorded human motion data 

(cricket bowling). 

5.3. Methods 

The testing methodology consisted of two phases: 1) modelling of pseudo-elbow joint angles using 

markers attached to a mechanical linkage, and 2) a case study investigating the applied situation of 

modelling cricket bowler elbow FE angles and interpreting them in accordance with International 

Cricket Council assessment legal bowling action guidelines.  

For each phase, elbow FE angles were calculated via the IK tool in OpenSim (OpenSim-IK). The 

skeletal model used within OpenSim was an adapted version of the Holzbaur et al. (2005) upper 

limb model which was reduced to three segments; the ulna, radius (forearm) and humerus (upper 

arm). The proximal humerus (glenohumeral joint) was unconstrained and allowed to move through 

6 DoF, as such no shoulder-related kinematics were reported. The ulna and humerus were 

modelled as a custom joint with 2 degrees of freedom (DoF) (elbow FE and abduction-adduction). 

The radioulnar joint was modelled a custom joint with one DoF (pronation-supination). Skeletal 

model joint centres for the shoulder, elbow and wrist were identified by virtual markers placed at 

the proximal (origin; segment reference frame coordinates 0, 0, 0) and distal (maximum y-axis 

value; 0, max, 0) end of each segment, which also defined segment lengths. For example, the elbow 

joint centre corresponded to the origin of the ulna segment and the most distal point of the 

humerus.  

Phase 1 

 The first phase employed a mechanical linkage constructed to represent a human upper limb, 

comprising of shoulder (3 DoF), elbow (2 DoF) and wrist joint (1 DoF). For this study, only elbow FE 

and abduction-adduction were considered. The mechanical linkage DoFs could be set and locked at 

designated values, or manipulated through a range of motion. Attached to the mechanical linkage 
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arm was a marker set adapted from Weir et al. (2010) (Table 5.1, Figure 5.1). As true joint centres 

were known to be the midpoint of marker pairs around each joint, the marker set differs from that 

used in Phase 2 with human participants. A neutral static calibration trial was captured for three 

elbow abduction conditions (0°, 10° and 20°) with 0° flexion and pronation. Several static elbow FE 

configurations (-8°, 0°, 5°, 10°, 20°, 40°), repeated for each abduction angle condition (nstatic trials = 

18), were manually set and recorded. 

 

Figure 5.1: The mechanical linkage with visible markers labelled. 

Table 5.1: Marker placements on mechanical linkage to represent human upper limb. 

Placement Anatomical Reference Marker Labels 

Shoulder Anterior and Posterior Shoulder ASH, PSH 

 Acromion ACR 

Upper arm triad -- UA1, UA2, UA3 

Elbow Lateral and Medial Elbow LEL, MEL 

Forearm triad -- FA1, FA2, FA3 

Wrist Anterior and Posterior Wrist AWR, PWR 

 

A dynamic range of motion trial was collected at each of the elbow abduction conditions, whereby 

the mechanical linkage was manually moved through an elbow FE range of -8° (maximum extension 

possible) to 90° for three cycles. 
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Marker data were recorded using a 12 camera Vicon MX (VICON Peak, Oxford Metrics Ltd., UK) 

motion analysis system recording at 250Hz. Marker data were processed within Vicon Nexus 

software, including filtering with a fourth order zero-lag Butterworth digital filter at 3 Hz (based on 

residual analysis and visual inspection). Custom software was run in the Vicon Nexus pipeline to 

calculate joint centres for the shoulder (SJC), elbow (EJC) and wrist (WJC) which were known to be 

at the midpoint of pairs of markers positioned either side of the centre of rotation (ASH, PSH; LEL, 

MEL; AWR, PWR). These positions were calculated for each abduction condition calibration trial 

and stored within technical reference frames calculated from either the upper arm (SJC and EJC) or 

forearm (WJC) marker triads. Anatomical reference frames and elbow joint angle decomposition 

was then performed as presented in Chapter 3.2. and in accordance with Chin et al. (2009).  

Experimental data, which consisted of recorded external marker trajectories and DK derived 

modelled joint centres (from static calibration trials), were converted for use within the 

musculoskeletal modelling software OpenSim (see Chapter 3.3. ). Skeletal model preparation 

involved scaling the segment lengths to match the mechanical linkage joint centre positions 

calculated within the calibration trial data, and marker registration was performed following 

standard procedures (Delp et al., 2007). Following skeletal model preparation, experimental trials 

were processed using the OpenSim IK function which calculated the skeletal model’s generalised 

coordinates; from which elbow FE angles were extracted for further analysis. For both model 

preparation and IK, markers were assigned weightings. Joint centres were most critical to the 

segment scaling phase of model preparation so they were weighted heavily. A detailed explanation 

of marker weightings used for this study can be found in Appendix A.  

Static trial OpenSim-IK model elbow FE angles were compared with the ground truth values 

calculated by the custom DK model for each abduction condition using a Pearson’s Correlation (r) 

and an Intra-Class Correlation (ICC). Limit of agreement and 95% Confidence Intervals were also 

reported. 

For the dynamic range of motion trials, ground truth values were calculated using the custom DK 

model. Each dynamic trial was plotted as DK and OpenSim-IK elbow FE angles vs. time. Root mean 

square error (RMSE) were calculated between the DK modelled (ground truth) and OpenSim-IK 

time varying elbow FE angles for each elbow abduction condition. The small number of trials under 

analysis at this phase prevented more advanced statistical analyses. 

Phase 2 

The second phase tested the OpenSim-IK model on human data. This was achieved by comparing 

elbow FE angles calculated by the OpenSim-IK model with those calculated by the complex model 



 

136 

as described in Chapter 4, here termed the UWA-DK model (Campbell et al., 2009b; Chin et al., 

2009; Chapter 3.2. ). The kinematic data was acquired from three previous International Cricket 

Council-sanctioned bowling analysis procedures (Participants A, B and C), each consisting of one 

static A-pose calibration trial and three bowling deliveries. 

Marker data were processed as in phase 1 and modelled using a UWA-DK model. Participant-

specific joint centres were calculated: the SJC was calculated by taking a 3D offset from the 

acromion markers as per Campbell et al., (2009). The EJC was calculated as the mid-point between 

two virtual elbow (RLEL, RMEL) markers as per the CAST method (Cappozzo et al., 1995) and 

following the protocol by Chin et al. (2009). The WJC was calculated as the mid-point between the 

wrist-ulna and wrist-radius (RWRU, RWRR) markers, as per the findings from Chapter 4. Anatomical 

reference frame definition and elbow joint angle decomposition was performed as in Phase 1. For 

full model details refer to Chapter 3.2.  

In addition to the joint centres, virtual markers were added to the skeletal model segments to 

correspond with the experimentally recorded marker set. Acromion, proximal upper arm and distal 

upper arm virtual marker clusters were associated with the humerus segment, and forearm cluster 

and wrist markers were associated with the radius. 

Experimental data were also modelled in OpenSim using the IK tool following the procedures 

described in Chapter 3.3. The skeletal model preparation was performed individually for each 

participant, involving scaling segment lengths to match segment lengths estimated by the UWA-DK 

model in the static A-pose trial (defined by joint centre positions), and marker registration was 

performed following recommended OpenSim protocol (Delp et al., 2007)1. The IK tool within 

OpenSim was then used to estimate elbow FE during the cricket bowling trials. Marker weightings 

for phase 2 are also described in Appendix A.  

Elbow FE angle waveforms for both UWA-DK and OpenSim-IK bowling trials were time normalised 

to begin at upper arm horizontal (UAH, 0%) and end at ball release (BR, 100%) (Lloyd et al., 2000). 

OpenSim-IK elbow FE angles were compared with UWA-DK modelled values using a coefficient of 

determination (R2) calculated for each time-point between UAH to BR.  

To investigate potential sources of observed kinematic differences between the two models, a 

single bowling trial was randomly chosen for further examination. During the IK process, the 

skeletal model is manipulated to best fit the experimental data. Due to STA, the experimental 

markers do not maintain consistent configurations relative to each other throughout a dynamic 

trial, whilst the virtual markers of the skeletal model do. As such, there are discrepancies in 

experimental marker and corresponding virtual marker positions during the IK process, which vary 

throughout the dynamic trial. This can be reported as the Euclidian distance between the 
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experimental data markers and the corresponding virtual markers of the OpenSim-IK skeletal 

model. Additionally, upper arm segment lengths were calculated from UWA-DK modelled data 

throughout the dynamic trial for comparison to the rigid OpenSim-IK upper arm length to identify 

any violation of the rigid body assumption. Note the OpenSim-IK upper arm length is also the 

length of the upper arm calculated by the UWA-DK model during the static A-pose trial, as this is 

the data used for scaling the skeletal model during the preparation stage. 

1The methods used for skeletal model preparation in this Chapter differ to that described in Chapter 

3.4. Those protocols were established following the completion of this study, taking into account 

findings from this study and other research released at a similar time. This process is detailed in 

Chapter 6.  

5.4. Results 

Phase 1 

The absolute difference between the ground truth DK and OpenSim-IK model estimates of elbow FE 

angle was low for all elbow abduction conditions (<1°) but tended to increase as elbow abduction 

increased. Of the 18 static trials, one returned a difference >1° (20° abduction, 40° flexion) (Table 

5.2). Strong correlations (r > 0.9) were observed between the ground truth DK values and OpenSim-

IK model estimates both for all abduction conditions (Table 5.3). The UWA-DK and OpenSim-IK 

model elbow FE estimates of dynamic mechanical linkage trials returned low RMSE for all elbow 

abduction conditions, on average less than 1.2% of the observed range of motion (0° elbow 

abduction condition RMSE = 0.2 ±0.0°; 10° = 0.7 ±0.3°; 20° = 1.1 ±1.1°) (Figure 5.2). 

Table 5.2: Elbow FE angle differences between the ground truth DK modelled values and OpenSim-IK model 
estimates across three abduction conditions. All presented values are in degrees. Negative elbow flexion 
angles represent hyperextension. 

Elbow Flexion  

Angle (°) 

OpenSim-IK Modelled Value (Difference to Ground Truth Value) 

0° Elbow Abduction 10° Elbow Abduction 20° Elbow Abduction 

-8 -8.0 (0.0) -7.6 (0.4) -7.1 (0.9) 

0 0.0 (0.0) 0.2 (0.2) 0.5 (0.5) 

5 4.9 (-0.1) 5.2 (0.2) 5.7 (0.7) 

10 9.9 (-0.1) 10.2 (0.2) 10.4 (0.4) 

20 19.9 (-0.1) 20.0 (0.0) 20.2 (0.2) 

40 39.9 (-0.1) 39.6 (-0.4) 38.7 (-1.3) 

 



 

138 

Table 5.3: Correlations (Pearson’s ‘r’ and intra-class correlation (ICC)), Limits of Agreement (LoA) and 95% 
Confidence Interval (95% CI) between the known values and OpenSim-IK model estimates of elbow FE for all 
static trials, across three elbow abduction conditions. 

Elbow Abduction r ICC 95% CI LoA 

0° > 0.999 > 0.999 1.00-1.00 0.03 

10° > 0.999 > 0.999 1.00-1.00 0.54 

20° 0.964 0.999 0.989-1.00 1.75 

 

 

Figure 5.2: Dynamic mechanical linkage RoM FE trial elbow angles for the UWA-DK model and the OpenSim-
IK models across three elbow abduction conditions. 
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Phase 2 

When OpenSim-IK and UWA-DK model performance was assessed using human participants (i.e. 

STA was introduced), mean elbow FE estimates from the OpenSim-IK model were lower than the 

UWA-DK model across all participants (A, B, C) (Figure 5.3). For participant A and C, there were 

large offsets between elbow FE waveforms calculated with the UWA-DK and OpenSim-IK models, 

while also being strongly correlated (R2 = 0.92 to 0.98). Elbow FE waveforms for Participant B were 

poorly correlated (R2 = -0.09 to 0.52).  

Trial 1 from participant A was randomly chosen for additional analysis. The maximum Euclidian 

displacement between all experimental data marker and corresponding skeletal model virtual 

marker pairs during the IK process occurred at the acromion process (ACR2). The smallest 

difference was prior to UAH when the arm is in a position most similar to the static A-pose 

calibration trial used for model preparation (27.5 mm), and the greatest difference at BR (43.6 

mm). Differences in the OpenSim-IK and UWA-DK SJC locations throughout the bowling trial 

demonstrated a similar pattern, progressing from 8.6 mm at pre-UAH to 70.3 mm at BR (Table 5.4). 

When analysing segment length changes from the UWA-DK model, participant A’s upper arm 

segment length from the static A-pose trial was 323.4 mm. During the bowling trial, this length 

fluctuated between 336.4 mm (+13 mm from static A-pose length) and 349.7 mm (+26.3 mm) 

(Table 5.4). 

Table 5.4: Linear displacement between UWA-DK and OpenSim-IK ACR2 marker and SJC position during a 
single trial. Pre-upper arm horizontal (Pre-UAH) refers to the point just prior to UAH when the arm is in a 
position most similar to that in the static A-pose calibration trial (arm at roughly 45° to the ground), ‘Mid’ 
refers to the time point mid-way between UAH and BR.  

Event 
ACR2 Separation 

Distance (mm) 

SJC Separation 

Distance (mm) 

UWA-DK Model 

Upper Arm Length (mm) 

Difference to Static 

Upper Arm Length* (mm) 

Pre-UAH 27.5 8.6 336.4 13.0 (4.02%) 

UAH 24.5 21.8 341.7 18.3 (5.66%) 

Mid 31.6 31.0 349.7 26.3 (8.13%) 

BR 43.6 70.3 342.5 19.1 (5.91%) 

*Upper arm segment length from the static trial was 323.4 mm. 

5.5. Discussion 

This study aimed to establish the accuracy of the IK tool within the musculoskeletal modelling 

framework OpenSim under controlled conditions as well as for the analysis of cricket bowling. 

Results from the mechanical linkage testing showed a high level of accuracy for IK estimated angles. 

It should be noted there were slight decreases in the agreement between IK estimates and ground 
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truth values as the elbow abduction angle increased. When an IK approach was used to model 

upper limb kinematics during cricket bowling, within-participant inconsistencies between the elbow 

FE angles calculated by OpenSim-IK and UWA-DK models indicate that more investigation of the IK 

function is required before it can be recommended as a stand-alone modelling option. 

 

Figure 5.3: Bowling trial data for all participants. Mean and standard deviation elbow FE presented. 

From the results presented three major findings can be reported: 1) when performed under 

controlled conditions (mechanical linkage, no soft tissue), the IK modelling process is capable of 
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estimating accurate joint angles; 2) when modelling human motion data, inconsistencies between 

OpenSim-IK derived and UWA-DK derived (criterion measure) elbow FE angles arise; and 3) the 

differences in UWA-DK and OpenSim-IK modelled elbow FE angles are likely due to systematic 

errors associated with the modelling of the SJC. 

 

 

Figure 5.4: Visual representation of the difference in positioning of the UWA-DK model SJC estimate (blue) 
within the experimental data and the virtual SJC marker attached to the skeletal model (pink) used during the 
IK process. 1. Pre-UAH, 2. UAH, 3. Mid (the mid-time point between UAH and BR), and 4. BR. Note: for clarity 
the skeleton visualisation used for this figure contains segments not present in the skeletal model employed 
during the IK modelling process (scapula, clavicle, thorax, pelvis, head). 

Results from the human application phase of the study showed OpenSim-IK derived elbow FE 

kinematics from participant’s A and C were consistent with the UWA-DK estimates, whilst 

participant B displayed poor measurement agreement. Interestingly, while each participant 

presented a unique offset between UWA-DK and OpenSim-IK elbow FE waveforms, this offset was 

consistent within-participant, between-trials. The investigation of the SJC positions within a single 

trial demonstrated that OpenSim-IK and UWA-DK methods of tracking the joint centre can produce 

positional discrepancies up to 70.3 mm. In a study of SJC identification, Alderson et al., (2008) 

report that a 40 mm misplacement of the SJC can produce up to 8° offset in elbow FE angle, 

meaning the displacement differences found in this study could account for the kinematic offsets 

observed (Figure 5.3).  
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The UWA-DK model was used in this study as the criterion measure, but in doing so one of its 

shortfalls of DK modelling has been highlighted. The length of the upper arm segment was shown 

to fluctuate by up to 8%, violating a rigid body assumption. The UWA-DK model has undergone 

comprehensive validation testing and is the best available model for this application at the current 

time. Unfortunately, no ground truth (known) values were available for the bowling trials, so no 

comment can be made on whether the OpenSim-IK model, by upholding the rigid body assumption, 

estimates more accurate elbow FE angles than the UWA-DK model. Until a time when the 

OpenSim-IK model is tested against known ground truth measures, the UWA-DK model represents 

the gold standard upper limb modelling approach for dynamic human movement. What is apparent 

is that the novel IK modelling technique examined is now proven valid under controlled conditions, 

and worthy of further investigation. It is important to note that neither the OpenSim-IK or UWA-DK 

models incorporated a scapula segment, which isn’t necessary for calculating elbow FE angles but 

may assist the identification and dynamic tracking of the SJC.  

Another potential source of the observed differences may reside within the process of skeletal 

model preparation. Systematic errors introduced at this stage could explain why elbow FE offsets 

were consistent within-participant, but not between. It is suspected that the marker registration 

stage has the potential to introduce orientation errors, as the non-standardised A-pose trial may 

result in virtual skeletal markers being incorrectly positioned about the segment long axes of 

rotation. 

There are currently very few studies investigating the accuracy and repeatability of IK for the 

estimation of joint kinematics during dynamic tasks. The limited research available often relies on 

computer generated movements and Gaussian models of noise to simulate systematic errors 

characteristic of STA (Lu & O'Connor, 1999; Roux et al., 2002). Though this approach allows for 

ground truth segment positions to be known, and different methods of segment definitions to be 

directly tested and compared, these findings may not be directly applicable to real world scenarios. 

The second phase of this study attempts to use experimentally recorded data rather than simulated 

data; however, the variable results demonstrate that more work is required to understand the 

processes of IK modelling under such circumstances. 

Future studies should investigate the notable differences in the reconstructed SJC locations during 

dynamic trials. One consideration would be testing bowlers who have controversial actions to 

examine how the two models compare when the FE range increases past that reported in the 

present research. Another consideration is to investigate the influence skeletal model preparation 

may have on IK derived upper limb kinematics, as this potentially represents a source of the 

variation found between OpenSim-IK and UWA-DK elbow FE results when modelling human data. 
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5.6. Conclusion 

During static and low-velocity dynamic movements, and with no STA present, the IK modelling tool 

within OpenSim calculated accurate elbow FE and angles.  

When an IK modelling approach was used to estimate the upper limb kinematics of human 

participants during cricket bowling, joint angles were not consistent with those derived using an 

established upper limb DK model. Before an IK modelling approach can be widely adopted in sport 

or clinical research settings, further research is warranted to better our understanding of the 

cause/s of these observed discrepancies.  
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Linking Statement 

Chapter 5 demonstrated that the inverse kinematic (IK) tool within OpenSim is a valid modelling 

procedure for estimating joint angles under strictly controlled conditions (low velocity, no soft 

tissue artefact). However, under more complex conditions (human experimental data), the 

measurement agreement between direct kinematic and IK outputs decreased significantly. This 

doesn’t necessarily mean that the IK modelling is invalid for modelling human data, in fact, one 

variable outside of the modelling process proper was identified as being a potential source of error. 

Pilot research from our lab has shown skeletal model preparation (i.e. segment scaling and marker 

registration) for subsequent use within the IK modelling pipeline may contribute to the 

discrepancies presented in Chapter 5.  

This study aims to investigate how model preparation influences IK solutions within the context of 

functional human motion modelling. Chapter 6 incorporates aspects of Chapter 4, using complex 

DK modelled data as a criterion measure; and builds upon the IK examination commenced in Phase 

2 of Chapter 5. The intended goal is to clearly establish foundation methodological protocols that 

researchers require to obtain reliable IK derived angles when modelling dynamic upper limb 

movements, so that this innovative approach can be used with confidence in sport and clinical 

upper limb research settings. 

 

Notes on Chapter 6 

• Whilst constructed and worded as a stand-alone study, Chapter 6 uses some data 

previously presented in this thesis. This includes 1) a subset of the external marker 

trajectory data used in Chapter 4, and 2) a subset of complex modelled data from Chapter 

4. The dataset is modified slightly to that previously presented, and the details of which can 

be found in Chapter 3.1.  

• The complex modelled data from Chapter 4 is adopted as the criterion measure and is 

herein referred to as the criterion DK modelled data. 
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6.1. Abstract  

To appropriately use inverse kinematic (IK) modelling for the assessment of human motion, a 

musculoskeletal model must be prepared to 1) match participant segment lengths (scaling) and 2) 

to align the model’s virtual markers positions with known, experimentally derived kinematic 

marker positions (marker registration). The purpose of this study was to investigate whether 

prescribing joint coordinates during the marker registration process (within the modelling 

framework OpenSim) will improve IK derived elbow kinematics during an overhead sporting task. 

To test this, the upper limb kinematics of eight cricket bowlers were recorded during two testing 

sessions, with a different tester each session. The bowling trials were IK modelled twice: once with 

an upper limb musculoskeletal model prepared with prescribed coordinates during marker 

registration – MRPC - and once with the same model prepared without prescribed coordinates – 

MR; and by an established direct kinematic (DK) upper limb model. Whilst both skeletal model 

preparations had strong inter-tester repeatability (MR: Statistical Parametric Mapping (SPM1D) = 

0% different; MRPC: SPM1D = 0% different) when compared with DK model elbow FE waveform 

estimates, IK estimates using the MRPC model (RMSD = 5.2 ±2.0°, SPM1D = 68% different) were in 

closer agreement to the DK model FE angles than the estimates from the MR model (RMSD = 44.5 

±18.5°, SPM1D = 100% different). We conclude that prescribing coordinates increases the accuracy 

and maintains repeatability of IK solutions when modelling overhead motion, and is the 

recommended skeletal model preparation procedure for future IK analyses of overhead sporting 

movement analyses.   



 

 
 

6.2. Introduction 

It has been suggested that inverse kinematic (IK) modelling may mitigate the influence of soft tissue 

artefact (STA) (Lu and O’Connor, 1999, Roux et al., 2002) that impairs the more commonly 

employed direct kinematic (DK) modelling approach. With open access to these computational 

methods possible through the musculoskeletal modelling framework OpenSim (Delp et al., 2007), 

movement scientists are more often using IK as an alternative kinematic modelling approach for 

the analysis of high-velocity motion (Donnelly et al., 2012, McConnell et al., 2011, Morgan et al., 

2014).  

Inverse kinematic modelling requires the preparation of a generic rigid-body skeletal model (with 

predefined degrees of freedom and ranges of motion) to match individual participants, through 

segment scaling (i.e. lengths and inertial properties) and marker registration. During marker 

registration, 1) the skeletal model is transformed through the adjustment of its generalised 

coordinates (i.e. joint angles) to best-fit selected experimental data, and 2) model virtual markers 

are mapped to the experimental marker positions in the global frame. Once repositioned, virtual 

markers are fixed within the relevant skeletal model segment frame. During IK, both segment 

lengths and virtual marker positions (within the segment reference frames) are fixed, so the 

accuracy of an IK solution is dependent on how well skeletal model preparation is performed. 

Lathrop et al. (2011) demonstrated that when IK modelling, the availability of participant-specific 

coordinate data during marker registration is an important source of error. They observed that due 

to the generic nature of skeletal models used for such processes, more effort is required to 

incorporate participant-specific data during model preparation.  

The musculoskeletal modelling framework OpenSim allows users to perform marker registration 

with or without specifying participant-specific segment orientation information (prescribing 

coordinates). The least-squared error optimisation process employed by OpenSim for marker 

registration can orientate the segments in any manner within the model’s pre-defined degrees of 

freedom and ranges of motion. It is proposed that an additional constraint of prescribed 

coordinates can remove the ambiguity of the automated optimisation process orientating the 

segments. 

Dunne et al. (2013) investigated whether prescribing coordinates during marker registration 

improved IK estimates of lower limb gait kinematics from an actuated robot. Prescribing 

coordinates was found to reduce root mean square differences (RMSD) by 3.8°, 2.6° and 1.7° for 

the hip, knee and ankle joints respectively, but the process is yet to be verified for human 

participants. 
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The aim of this study was to determine if prescribing participant-specific coordinates during marker 

registration could improve the 1) accuracy and 2) inter-tester repeatability of IK derived elbow FE 

angles during a dynamic overhead task. Cricket bowling was the task selected following the findings 

of Chapter 5, and because using a highly dynamic motion should exacerbate any existing modelling 

discrepancies. To test the accuracy of IK solutions, marker registration was performed with (MRPC) 

and without (MR) prescribed coordinates, and modelled elbow FE angles from each were compared 

with a criterion upper limb DK model. Inter-tester repeatability was tested by comparing elbow FE 

estimates calculated by MRPC and MR skeletal models across two sessions. It was hypothesised: 1) 

the MRPC model preparation process will improve the accuracy of IK solutions and subsequently 

report lower IK marker error (distance between skeletal model and experimental data markers) 

than the MR model; and, 2) the MRPC model preparation will demonstrate increased inter-tester 

repeatability of IK derived elbow FE kinematics when compared with the MR model estimates. 

6.3. Methods 

Eight (seven male; one female) international level, cricket bowlers were recruited (age 22.6 ±3.6; 

height 184.9 ±8.5 cm; mass 75.6 ±9.5 kg). Informed consent was obtained prior to participation, 

with experimental protocols approved by the University of Western Australia Human Research 

Ethics Committee (RA/4/1/5927). 

Each bowler participated in two independent testing sessions within a single day (session 1 and 

session 2) at which their upper limb kinematics were recorded using an external marker set (Figure 

6.1). Each testing session comprised of: one static A-pose trial with the elbows at maximum 

extension and shoulders abducted 45°; two static pointer trials to digitise the elbow epicondyles 

(Chin et al., 2009); and 12 dynamic bowling trials (ntotal = 192). 

All data were collected at 250 Hz by an 18-camera combined Vicon MX-13/MX-40 system. Bowling 

trial kinematic data was low-pass filtered with a fourth-order zero-lag Butterworth at participant-

specific cut-off frequencies (19-21 Hz), as determined by a residual analysis method (Winter, 2005) 

and visual inspection.  

Direct Kinematic Modelling 

The upper limb DK model selected for comparison was chosen as it was purposely developed for 

the kinematic analysis of cricket bowling (Campbell et al., 2008; Chin et al., 2009, Lloyd et al., 2000; 

Chapter 3.2. ). The model is representative of the upper arm and forearm segments, connected by 

a six degree of freedom elbow joint. Relevant joint centres were estimated (Table 6.1.1), from 

which the anatomical coordinate systems were defined (Table 6.1.2).  
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From static A-pose trials, the DK model calculated upper limb joint centre locations, and baseline 

elbow FE and abduction angles. The DK model was then applied to the dynamic bowling trials to 

derive elbow FE waveforms. Vicon Nexus (1.8.5) software was used for all computations involving 

DK modelling. 

 

Figure 6.1: External Marker Set. Description of the external marker set configuration. 

Inverse Kinematic Modelling  

Experimental marker data were imported into OpenSim 3.2. Experimental marker data for static A-

pose trials comprised of external marker positions recorded during motion capture, and joint 

centre positions estimated by the DK model; experimental marker data for the bowling trials 

comprised of external marker positions only.  

The Holzbaur Upper Limb Model (Holzbaur et al., 2005) was reduced to three segments (upper 

arm: humerus; forearm: ulna, radius), two joints (elbow, radioulnar) and three degrees of freedom 

(elbow FE, elbow abduction/adduction, radioulnar pronation/supination). The proximal humerus 

(glenohumeral joint) was unconstrained and allowed to move through 6 DoF, as such no shoulder-

related kinematics were reported. The modified Holzbaur model acted as a template, which was 

duplicated and prepared twice for each participant and session. In each preparation, the segment 

scaling process was identical; segment lengths were scaled to match the participant-specific DK 

modelled joint centre positions determined in the static A-pose trials. During the marker 

registration stage, one scaled model underwent unmodified marker registration (MR). The second 

scaled model underwent marker registration with the additional constraint of prescribing 

participant specific elbow FE and abduction angle joint coordinates (MRPC). Elbow abduction angles 
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were only reported during scaling. IK was then performed using both MR and MRPC prepared 

models, producing two independent IK solutions for each trial. Consistent marker weightings were 

used throughout model preparation and IK (see Appendix A). No participant-specific coordinates 

were provided during IK. Marker error reported by OpenSim was recorded following the IK 

modelling of each trial for both MR and MRPC skeletal models. 

Analysis 

For each bowling trial, the time-varying elbow FE waveforms were calculated for each of the IK 

models, as well as the established DK upper limb model (Figure 6.2). These data were normalised to 

the ‘delivery phase’, beginning at upper arm horizontal (0%) and ending at ball release (100%) 

(Lloyd et al., 2000).  

Discrete elbow FE estimates within the delivery phase were extracted from MR, MRPC and DK 

modelled data: upper arm horizontal, maximum flexion, minimum flexion, ball release. Elbow 

extension range was calculated, i.e. maximum flexion minus minimum flexion.  

 

Figure 6.2: Graphical representation of data collection and workflow. 
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Table 6.1: The joint centre (6.1.1), segment reference frame (6.1.2) and angle decomposition (6.1.3) definitions for the DK modelling approach. 

 6.1.1: Joint Centre definition 

Shoulder Joint Centre 

(SJC) 

Regression equation (as per Campbell et al., 2008) during static A-pose, stored within acromion and proximal upper arm technical frames. During bowling trials, the 

joint centre is recreated virtually within both technical frames, with the mean deemed the final joint centre 

Elbow Joint Centre 

(EJC) 

Lateral and medial elbow epicondyle locations (LE, ME) digitised using a “pointer” (as per Chin et al., 2009) and stored as markers within distal upper arm technical 

frame. During bowling trials, the joint centre is the midpoint of elbow epicondyles 

Wrist Joint Centre 

(WJC) 
LW and MW marker locations within forearm TF stored during static A-pose. Joint centre is the midpoint of recreated virtual wrist markers during dynamic trials 

 6.1.2: Segment Frame: Line Order and Definition 

Upper Arm 

 

Origin: EJC 

1 (Y-axis): unit vector from EJC to SJC (superior positive) 

2 (X-axis): cross-product of Y-axis and unit vector from LE and ME (anterior positive) 

3 (Z-axis): orthogonal to X-Y plane (positive left to right) 

Forearm 

 

Origin: WJC 

1 (Y-axis): unit vector from WJC to EJC (superior positive) 

2 (X-axis): cross-product between Y-axis and unit vector from LWR to MWR (anterior positive) 

3 (Z-axis): orthogonal to the X-Y plane (positive to right) 

 6.1.3: Angle Decomposition 

Elbow 

Estimated by decomposing the child segment (forearm) relative to the parent (upper arm) in accordance with the ISB standard:  

1: FE (Z axis) 

2: Abduction-adduction (X axis) 

3: Pronation-supination (Y axis) 

A negative (below zero) FE value indicates elbow hyperextension 
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Statistics 

The first analysis compared MR and MRPC modelled elbow FE with criterion measure estimates. The 

second analysis assessed the inter-tester repeatability of each IK model (MR and MRPC) 

independently, comparing session 1 results with session 2. Each investigation involved analyses of 

both elbow FE waveforms and discrete elbow FE variables. 

Analyses involving elbow FE waveforms comprised both a time-independent zero-dimensional (0D - 

RMSD) and a time-dependent one-dimensional (1D - statistical parametric mapping (SPM1D)) 

statistical tests (Li et al., 2016, Pataky et al., 2013). The SPM1D analysis allows for the comparison 

of time normalised vector or scalar waveforms. Further information regarding SPM1D is provided in 

Chapter 3.5. 

Discrete elbow FE events were analysed by one-way ANOVA and intra-class correlation (ICC) tests. 

Correlations were interpreted as weak (< 0.2), moderate (0.2 – 0.8) or strong (> 0.8) (Cohen, 1988). 

Static A-pose trial elbow FE and abduction angles recorded following MR model preparation were 

compared with DK modelled values using a paired samples t-test. An alpha of 0.05 was used for all 

statistical tests. 

Marker error was reported as RMSD for each frame (n = 2679) of bowling trial data for both MR and 

MRPC IK modelling approaches. Descriptive statistics were reported.  

6.4. Results 

Performing IK with the MR model resulted in much lower elbow FE angles than the criterion DK 

model for the entire delivery phase (SPM1D = 100% time different; RMSD = 44.5 ±18.5°; Figure 6.3). 

The MRPC model elbow FE angles were significantly greater at two independent occasions, from 7-

39% and 64-100% of the delivery phase (SPM1D = 68% time different; RMSD = 5.2 ±2.0°; Figure 6.3, 

Figure 6.4). All discrete elbow FE event values calculated using the MR model were significantly less 

(p <0.001) and poorly correlated (ICC < 0.3) to equivalent DK model values. Discrete elbow FE event 

values calculated using the MRPC model were similar (p > 0.05), and moderate-highly correlated 

(ICC > 0.7) to DK model values (Table 6.2). 

Mean marker error (RMSD) during IK modelling when using the MR model was 0.025 ±0.010 m per 

frame (max 0.061 m; sum 65.74 m). Mean marker error when using the MRPC model was 0.022 

±0.008 m per frame (max 0.066 m; sum 59.75 m). 
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Figure 6.3: Accuracy Test – MR-DK Elbow FE waveform analysis. The mean and standard deviation (6.3.1.) 
and SPM1D analysis (6.3.2.) results comparing the elbow FE waveforms calculated by the DK model to the IK 
modelled MRPC values 
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Figure 6.4: Accuracy Test – MRPC-DK elbow FE waveform analysis. The mean and standard deviation (6.4.1.) 
and SPM1D analysis (6.4.2.) results comparing the elbow FE waveforms calculated by the DK model to the IK 
modelled MR values. 
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Table 6.2: Discrete Elbow FE Events Analysis. ANOVA and ICC results comparing elbow FE events from each of 
the IK approaches with the criterion DK modelling approach equivalents. 

 Mean ±st dev ANOVA Sidǎk Post-Hoc Test ICC 

Elbow FE 

Event 
MRPC MR DK 

F  

(p-value) 

MRPC–DK 

p-value 

MR–DK 

p-value 
MRPC-DK MR-DK 

UAH 29.2 ±12.6° -12.5 ±11.7° 26.9 ±13.5° 54.911 

(<0.001)* 

0.941 <0.001* 0.964 0.065 

Max 43.9 ±11.8° 0.0 ±14.2° 41.3 ±13.8° 103.021 

(<0.001)* 

0.107 <0.001* 0.723 0.038 

Min 20.6 ±6.1° -17.1 ±10.5° 14.5 ±6.7° 54.737 

(<0.001)* 

0.924 <0.001* 0.960 0.090 

BR 20.7 ±6.1° -4.8 ±7.6° 14.8 ±6.9° 59.589 

(<0.001)* 

0.059 <0.001* 0.739 0.136 

Extension 

Range 

23.3 ±12.8° 4.3 ±9.6° 26.7 ±14.2° 15.339 

(<0.001)* 

0.821 <0.001* 0.977 0.265 

* indicates statistical significance p < 0.05   

 

The inter-tester analysis of IK modelling approaches showed that both MR (RMSD = 13.4 ±11.3°; 

SPM1D = 0% different, Figure 6.5.1) and MRPC (RMSD = 4.5 ±2.3°; SPM1D = 0% different, Figure 

6.5.2) models produced repeatable elbow FE values. Likewise, no differences were found for either 

IK model following inter-tester analysis of discrete elbow FE variables. MR inter-tester discrete 

elbow FE event correlations were low-moderate (ICC <0.6), while MRPC correlations were high (ICC 

>0.8).  

During marker registration of the MR model, the elbow FE angles estimated for the static A-pose 

trials were different to DK model values (MR: -15.1 ±6.1°, DK: 14.1 ±8.1°; t = 10.99, p < 0.001), 

whilst abduction angles were similar (MR: 17.1 ±7.0°, DK: 18.3 ±7.2°; t = -0.71, p = 0.490). 

6.5. Discussion 

This study investigated whether prescribing coordinates during marker registration improves 

accuracy (to an established criterion model) and the inter-tester repeatability of IK modelled 

solutions. When compared with the established DK modelling approach, MRPC elbow FE estimates 

were shown to have the better agreement than the MR estimates for both the waveform and 

discrete event analyses. This was not reflected by differences in marker error reported during IK. 

Both MR and MRPC marker registration approaches proved repeatable (inter-tester) for calculating 

elbow FE.  
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Figure 6.5: Inter-tester analysis of the IK modelled elbow FE waveforms for both MR (6.5.1.) and MRPC (6.5.2). 
The mean and standard deviation from each session for each model are presented. No differences were 
found for either approach by SPM1D analysis. RMSD (inset). 

Elbow FE values calculated at upper arm horizontal and ball release by the DK and MRPC models 

align with Portus et al. (2006). Portus and colleagues also specify that hyperextension is 

uncommon, consistent with the DK and MRPC but not the MR model estimates. Results are 

comparable with Dunne et al. (2013) who reported small (<2°) RMSD values between their MRPC 

and DK model equivalents. The RMSD reported for this study between MRPC and DK models (5.2 

±2.0°) is greater, likely due to the presence of STA in human participants. Our RMSD values do align 
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with that reported by Lathrop et al. (2011), who were investigating knee FE calculated by a point 

cluster DK technique and IK solutions via OpenSim (4.8 ±2.5°). Notably, Lathrop and colleagues 

reported these values without the prescription of coordinates during marker registration. It is 

suggested that prescribing coordinates during marker registration is particularly important for 

modelling upper limb, due to larger ranges of motion possible at the shoulder and the presence of 

the pronation/supination degree of freedom. 

Post-marker registration, the MR model recorded elbow hyperextension for every participant (-

15.1 ±6.1°), where the DK model recorded flexion (14.1 ±8.1°). During marker registration, both MR 

and MRPC segments are moved to match static A-pose experimental data, occupying the same 

positions in space, but rotated differently. This requires two different combinations of elbow joint 

angles – one presenting in hyperextension (MR) and one enforced as flexion (MRPC). The outcome is 

that virtual markers maintain the same configurations, but are rotated about the long axes of the 

segments (Figure 6.6). The source of the inverted MR IK solution (relative to DK and MRPC IK 

solutions; Figure 6.3, Figure 6.4) can then be attributed to the marker registration process posing 

the skeletal model in hyperextension rather than flexion, and using that as a basis for subsequent IK 

iterations. It is suspected that such extensive differences result from using a simple upper limb 

model, with no proximal or distal (hand/foot) segment to provide some orientation guide for the 

unrestrained MR model. This could explain why research such as Lathrop et al (2011) did not 

experience such large kinematic differences. Whilst the addition of more segments may reduce 

orientation errors, we propose that using prescribed coordinates during marker registration 

provides a repeatable and standardised procedure for all skeletal model types. This does not mean 

that efforts to improve and expand models should cease, but the quality of skeletal models 

employed (including marker registration techniques) must be sufficient to truly reflect possible IK 

solutions. A quality model may reduce the number of potential IK solutions by enforcing true 

kinematic constraints (e.g. joint ranges of motion), whilst a poor-quality version may return 

inaccurate constraints. Both would result in divergent kinematic solutions relative to DK, with only 

the quality of the model dictating whether the divergence could indicate an improvement in 

accuracy or an introduction of error. These results clearly show that prescribing coordinates during 

marker registration substantially improves accuracy (to an established model), whilst ensuring high 

repeatability, of IK derived upper limb kinematics.  

When observing the waveform comparison of MRPC and DK elbow FE, there appears to be an 

approximately 5° offset present (Figure 6.4.1). Whilst the SPM1D analysis demonstrates that this 

does fluctuate throughout the task (Figure 6.4.2), a persistent offset is likely explained by the 

different methods for tracking the shoulder joint centre throughout the overhead movement. 

Upper limb kinematic analyses regularly recognise the shoulder joint as the largest source of 

measurement error, due to the covering of soft tissues and large ranges of motion (Reid et al., 
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2010); and both factors come into consideration with dynamic, overhead tasks such as cricket 

bowling. Further in-depth investigation is required to quantify possible error sources and compare 

shoulder joint centre tracking methods of DK and IK models. It is also plausible that given the DK 

approach is not a true gold standard, MRPC, with its proposed capacity to minimise STA, may be the 

more accurate modelling method. This would be difficult to prove under such conditions as tested 

here, and would require further investigation.  

 

Figure 6.6: A demonstration of how the marker registration methods result in different virtual marker 
positions within segment reference frames. An MR and an MRPC prepared skeletal model have been 
overlayed with neutral general coordinates (0° for all joint angles, 0 m for all translations) such that their 
segment reference frames are aligned; however, the virtual marker positions are visibly different, rotated 
about the long axes of the segments. Thus, when the MR and MRPC skeletal models are both used to model 
the same experimental data, they will require different elbow angle combinations to best fit the recorded 
marker positions, and present with alternative IK solutions. 

Contrary to our hypothesis, MR and MRPC marker error were similar, aligning with observations 

made by Dunne et al. (2013). It is recommended that marker error should only be used to assess 
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how well a rigid skeletal model ‘fits’ the experimental data, and not as a validation of the IK 

solution.  

This research was limited by excluding the shoulder girdle. The greatest differences were observed 

at the shoulder during 90% of the delivery phase (Figure 6.3, Figure 6.4) when the arm was at 

maximal circumduction and elevation. More advanced upper limb models (Seth et al., 2016), may 

allow investigation of shoulder girdle movement during overhead tasks. Another limitation, 

adopting a DK model as a criterion measure, can be justified as there is currently no alternate gold 

standard model available for estimating the kinematics of dynamic tasks (Lathrop et al., 2011) (see 

Leardini et al., 2005 and Della Croce et al., 2005). Alternative modelling approaches, such as IK, may 

enable researchers to mitigate the effects of STA whilst maintaining high-speed, non-invasive 

marker-based motion capture. Only one series of marker weightings (specified in Appendix A) were 

tested. Different marker weightings would alter the constraints adhered to during the calculation of 

a kinematic solution, likely resulting in different joint angles. Importantly for this investigation, 

marker weightings were kept consistent throughout. Future investigations may explore the impact 

of various marker weighting strategies. 

We conclude that prescribing coordinates during marker registration increases the accuracy and 

maintains repeatability of IK solutions when modelling dynamic overhead tasks. Performing IK using 

a skeletal model prepared with prescribed coordinates is recommended where possible to 

maximise the accuracy and repeatability of dynamic overhead movements analysed. Finally, marker 

error reported during the IK process within OpenSim should not be used as a measure of accuracy 

or validity of the final IK solution. 
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Linking Statement 

One common concern for both the direct and inverse kinematic modelling approaches is their 

reliance on marker data. Although inverse kinematics does not need to track the joint centre 

positions during dynamic motion, they are needed during model preparation to scale segment 

lengths. Highlighted in Chapter 4, Chapter 5 and Chapter 6, accurate and reliable modelling of the 

shoulder joint centres remains a modelling hurdle for the accurate kinematic representation of 

overhead motion. This is due to both; the complex structures of the shoulder girdle and the large 

range of motions exacerbating systematic errors characteristic of soft tissue artefact. Marker-based 

motion analyses have another, more general limitation; the requirement for motion capture to be 

performed within a laboratory setting, which can affect the ecological validity of the movement 

being measured and in turn, the conclusions drawn from such analyses.  

Performing motion capture with magnetic and inertial measurement unit (MIMU) systems has the 

potential to address both shoulder joint centre identification and tracking concerns, and issues 

surrounding the ecological validity of laboratory-bound, marker-based motion capture. However, 

as MIMUs do not measure or record participant-specific anatomical information, the estimation of 

participant-specific, anatomically referred joint angles is not intuitive, limiting their uptake in the 

field of upper limb modelling. 

This study proposes a novel MIMU calibration protocol for the participant-specific modelling of the 

elbow during dynamic overhead movements. If successful, the MIMU system and modelling 

protocol will be capable of infield motion capture, significantly improving the utility of these 

technologies in the field of upper limb kinematic modelling in sport. 
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7.1. Abstract 

Non-optical wearable sensors such as magnetic and inertial measurement units (MIMUs) are 

gaining popularity as a viable motion analysis tool in sport and clinical settings, owing to their ease 

of application, relative affordability and potential for improving the ecological validity of motion 

capture procedures. Many MIMU-driven musculoskeletal models have been proposed for 

estimating upper limb kinematics, however, they have primarily been validated using 

uni- dimensional or low-velocity movements. These studies have tended to employ a reference 

pose of zero degrees elbow flexion for aligning MIMUs to segment reference frames, which may 

present difficulties for participants with joint abnormalities such as fixed flexion. We propose a 

method for the calibration of a simple two-sensor MIMU system enabling the estimation of 

anatomically meaningful, participant-specific elbow kinematics during dynamic functional 

movements. The proposed calibration protocol functionally defines a two degree of freedom elbow 

joint and is anatomically calibrated using a novel reference pose of the elbow, 90° flexion and 0° 

(neutral) pronation. The proposed MIMU model was validated in three stages, demonstrating high 

measurement agreement in elbow flexion kinematics during each: (1) simple rotations performed 

by an ‘ideal’ elbow joint (mechanical linkage) returned <2° root mean square difference between 

MIMU-derived and ground truth values; (2) simple elbow rotations among human participants 

returned 0% trial duration difference between MIMU-derived and marker-based values for all 

tasks; and (3) complex sport-based elbow movements among human participants also returned 0% 

trial duration difference between MIMU-derived and marker-based values. However, during high-

velocity tasks that approached the hardware limitations of the MIMU’s accelerometer sensors, 

measurement agreement decreased. It is concluded that the current hardware capabilities of the 

MIMU system in this study prevents application in high-velocity dynamic sporting movements, the 

proposed calibration and modelling procedures are technically sound and capable of estimating 

accurate elbow kinematics among sporting populations. 

 



 

 
 

7.2. Introduction 

Multi-sensor motion capture systems comprised of accelerometers, gyroscopes, magnetometers 

are becoming an increasingly viable alternative technology for human motion analysis. This is the 

result of technological advances that have dramatically improved the fidelity of sensor data, whilst 

decreasing size and on-board power requirements. Multi-sensor packages such as magnetic and 

inertial measurement unit (MIMU) systems may provide an opportunity to mitigate some of the 

accessibility limitations of more traditional (marker-based) motion capture technologies, due to 

their relative affordability and simple user interfaces. Sensor systems may also present an 

opportunity to increase the ecological validity of analyses by allowing motion capture to occur 

outside the laboratory, and forego marker occlusion limitations with wireless, non-line of sight data 

transfer via Bluetooth or Wi-Fi. 

Many studies have utilised MIMU (or similar) systems to collect motion data during everyday tasks 

such as walking gait (Little et al., 2013, Seel et al., 2014, Sabatini et al., 2005), standing or sitting 

postures (Bonnet et al., 2012) and in occupational settings (Zhou et al., 2008). There has also been 

an uptake of sensor technologies in sport settings (Chambers et al., 2015, Espinosa et al., 2015) for 

the analysis of running gait (Norris et al., 2014; Higginson, 2009), cricket (Wixted and Portus, 2011), 

golf (King et al., 2008), swimming (Callaway et al., 2009, Magalhaes et al., 2015), snowboarding 

(Krüger and Edelmann‐Nusser, 2009), strength testing (McMaster et al., 2014) and by team sport 

athletes more generally (Waegli and Skaloud, 2009). While these studies have emphasised the 

broad potential of multi-sensor measurement systems for human motion analysis, the overriding 

hurdle affecting widespread adoption is the lack of bone-embedded anatomical reference frame 

definition standardisation (Grood and Suntay, 1983). Standardisation facilitates more powerful 

investigations including test-retest and inter-tester comparisons, and assessments relative to 

normative data. This is necessary before such systems can be used for reliable clinical analysis, 

where measurements must be sensitive enough to register small modifications or deviations from 

normative values (Schwartz et al., 2004, Cereatti et al., 2015).  

Obtaining standardised participant-specific anatomical reference frames generally requires 

identifying anatomically relevant information such as joint rotation axes and/or anatomical 

landmarks (Cereatti et al., 2017; Cereatti et al., 2015; Wu et al., 2005). Several methods have been 

proposed for defining joint rotation axes from MIMU data, including manual alignment of sensors 

(Bouvier et al., 2015; Wixted, et al., 2011), calibrating from palpable anatomical landmarks (Picerno 

et al., 2008) and exploiting joint function (Favre et al., 2009; Ligorio et al., 2017). Functional joint 

axis definition using a MIMU is possible by recording a rotation about the target axis and calculating 

the instantaneous angular velocity vectors. A joints rotation axis can be then defined either from 
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the mean attitude vector or from the mean angular velocity vector (Veeger and Yu, 1996). A 

functional joint axes approach is most effective when a joint has one or two well-defined axes of 

rotation (Cutti et al., 2008; Luinge et al., 2007). 

A functional approach defines the joint rotation axes direction, but provides no anatomical context. 

To provide the required anatomical pose context, either the MIMUs can be manually aligned so 

that their internal technical reference frame (TF) corresponds with segment axes of rotation 

(Bouvier et al., 2015; Wixted, et al., 2011), or with an additional joint calibration reference posture 

(Cereatti, Della Croce, et al., 2017). The latter option allows MIMU sensors to be arbitrarily 

orientated, reducing the chance of cross-talk by misidentifying axes of rotation, and can be 

achieved by the participant assuming a predefined pose, or standardised joint angular 

configuration, termed a ‘reference posture’. A neutral standing position, where the segment long 

axes align with the gravity vector, is commonly used as the reference posture for lower limb 

analyses (Picerno, 2017). The advantage of this posture is the simplicity of the pose and its ease of 

description to participants.  

A neutral standing reference posture has also been used when modelling the elbow in the upper 

limb (Cutti et al., 2008; de Vries et al., 2010; Galinski and Dehez, 2012; Ligorio et al., 2017). The 

elbow is often modelled as a two degree of freedom (DoF) joint with active rotations occurring 

about well-defined and separate axes: flexion-extension (FE - axis fixed within the upper arm), and 

pronation-supination (PS - axis fixed within the forearm), making it highly suited to functional axis 

definitions. A limitation of using the neutral standing reference posture with the elbow joint is that 

this method assumes full extension coincides with zero degrees. All subsequent elbow angles are 

derived from this initial position, with no consideration for potential joint abnormalities which may 

prevent a true neutral (zero degrees extension) pose. For example, a person presenting with fixed 

elbow flexion may not be able to adopt the assumed posture, potentially introducing offset error 

that may affect joint kinematic estimates. 

Such a limitation may be of particular consequence when trying to measure populations where 

individuals with elbow irregularities are commonplace, such as cricket bowlers. The cricket bowling 

population has previously been observed to include individuals with large baseline abduction, fixed 

flexion, or hyperextension angles (Lloyd et al., 2000, Elliott et al., 2007), making the 0° flexion 

reference posture troublesome to correctly control for. To date, three-dimensional (3D) bowling 

analyses have entailed laboratory-bound marker-based motion capture, raising ecological validity 

concerns given cricket bowlers, like many athletes, predominantly train and compete outdoors. 

Unfortunately, marker-based motion analysis systems are not financially or logistically viable for 

widespread use in developing or junior athletic populations, nor the institutes they attend. 

Likewise, the technology and expertise to perform marker-based motion analysis does not widely 
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exist in many cricket playing countries. A robust, easy to implement MIMU system that is capable 

of infield data capture and reporting participant-specific, anatomically referred joint angles 

provides an ideal 3D upper limb motion analysis solution.  

There have been attempts at using MIMU systems for upper limb analysis during cricket bowling. 

Using an approach initially recommended by Ferdinands and Kersting (2007), Wixted and Portus 

(2011) investigated whether a changing elbow angle during a cricket bowling action produces 

different upper and forearm segment acceleration/angular velocity values. This approach leverages 

the advantages of MIMUs, relying on sensor measurements without integration. But without 

anatomically based joint modelling it may be difficult to associate these data into specific 

anatomical motion components, i.e. elbow hyperextension. Wixted, et al. (2011) also proposed a 

method of manually aligning MIMU sensors with the elbow FE axis of rotation, but this was limited 

by modelling the elbow as a one DoF hinge joint with no consideration of forearm PS.  

The aim of this study was to develop a novel MIMU calibration procedure and kinematic modelling 

protocol for the analysis of elbow angles during cricket bowling. To achieve this, the protocol must 

be easily performed infield and capable of calculating participant-specific anatomically relevant 

joint (elbow) angles. The proposed approach incorporated a novel reference posture and functional 

definition of two elbow joint rotational axes (FE and PS), tested across three experimental 

validation stages. Stage 1: a mechanical linkage experiment assessed the MIMU method at 

describing movements performed using a mechanical linkage representative of a human arm. This 

allowed for a preliminary validation, free from sources of error encountered when studying human 

participants, such as soft tissue artefacts (Cereatti et al., 2017) or moving axes of rotation (Stokdijk 

et al., 1999). Stage 2: a simple movement experiment tested the MIMU method at describing low-

velocity elbow rotations performed by human participants. Stage 3: a human-based functional 

motion experiment tested the MIMU method at describing more complex overhead movements 

imitating throwing and the cricket bowling action. For each experiment, the elbow kinematics 

calculated by the MIMU method were compared with criterion measure values obtained from 

simultaneously captured 3D marker-based stereophotogrammetric data. 

7.3. Methods 

Participant Description and Experimental Setup 

Mechanical Linkage Description: The mechanical linkage employed was constructed from non-

ferrous material (to avoid ferromagnetic disturbances) to represent a human arm. It comprised 

three segments (trunk, upper arm and forearm) with an elbow represented as a compound joint 

consisting of three DoFs. Shoulder motion and elbow abduction-adduction were constrained to 
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only allow movement within the elbow FE and PS DoFs. During testing, two MIMUs were mounted 

on the mechanical linkage; one in the middle of the upper arm (unit a) and one at the distal end of 

the forearm (unit b) (Figure 7.1). 

Human Participant Description: Nine injury-free participants (five males, four females; mean height 

= 175.2 cm, mass = 71.9 kg, age = 24.7 years) attended a single test session where one MIMU was 

mounted upon the central lateral upper arm (unit a) and another on the distal posterior forearm 

(unit b) (Figure 7.2). In addition to the MIMUs, external markers, consisting of two triad-marker 

clusters (positioned over the acromion process and the distal, posterior upper arm), and two single 

markers (positioned over the styloid process’ of the wrist) (Figure 7.2) were affixed to the 

participant. The distal, posterior upper arm marker cluster was affixed to the participant following 

the completion of the MIMU calibration procedure. 

 

Figure 7.1: The non-ferrous mechanical linkage. In image (a), markers are visible corresponding to the 
anterior shoulder, medial and lateral elbow and lateral wrist and the positions of the MIMUs. Unit a is 
mounted towards the top of the linkage, unit b near the bottom (orange boxes). 

During all motion capture trials (both mechanical linkage and human), each MIMU had a cluster of 

three markers attached to the casing to facilitate the calculation of a marker-based TF aligning to 

the internal reference TF of the MIMU. Data broadcast from each MIMU was recorded and stored 

on a propriety computer using the manufacturer supplied software (MT Manager V4.2, Xsens 

Technologies, The Netherlands). Marker data were recorded by a 12 camera (combined Mx and T-
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series) Vicon motion capture system using the manufacturer software (Nexus 1.8.5, Vicon Oxford, 

The United Kingdom). MIMU and marker motion capture systems were synchronised to begin data 

recording simultaneously on a single trigger at sample rates of 100 Hz.  

Sensor Validation (Spot-Check) 

Prior to each test session, a simple spot check hardware calibration (based on Picerno et al. (2011)) 

was performed to select the two most consistent MIMUs for use in each testing session. All 

available sensor units (n = 3) were mounted upon a rigid board such that their internal reference 

TFs were in parallel alignment. The board was then manually moved through a selection of 

rotations approximately representing the movements to be assessed, ensuring there was at least 

one rotation per axis. Through comparing the output orientation of each unit, the two units with 

the highest position and orientation measurement agreement were selected for use within that 

data collection session. 

MIMU Anatomical Calibration Procedure 

To begin the anatomical calibration procedure, the elbow was placed in the cradle of a customised, 

non-ferromagnetic tripod. The height of the tripod cradle was adjusted for each participant so the 

upper arm segment was horizontal (parallel to the ground, assessed with a spirit measure). Once in 

place, participants were instructed to maintain that upper arm posture in the cradle until the 

calibration process was completed. The calibration trials captured consisted of; 1) a static trial 

(reference posture), in which the upper arm was horizontal and the forearm vertical to the ground 

(elbow flexion 90°) and pronated such that the thumb was towards the participant’s head with 

palm facing medially (Figure 7.2a); 2) a dynamic functional elbow FE range of motion trial, 

beginning from the static trial pose, where the participant extended and flexed the elbow back to 

its original start position for three repetitions, while maintaining aconstant PS angle (Figure 7.2.c); 

and 3) a functional elbow PS trial, again beginning in the pose from the static trial, maintaining 90° 

flexion whilst pronating/supinating through a comfortable range of motion, repeated three times 

(Figure 7.2.c). The mechanical linkage was manually manoeuvred through the functional calibration 

trials by a tester (Figure 7.2b). 

Data Processing 

MIMU Data Processing and Modelling: Data were processed using MT Manager software to output 

orientation (quaternion - via inbuilt sensor fusion algorithms) and angular rate of turn (angular 

velocity) data for unit a and unit b MIMUs. The quaternions were converted into rotation matrices 

within the MIMU global reference frame, represented at any time point (i) by (gRa(i), gRb(i)).  
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Figure 7.2: Reference posture and calibration trials. The supporting if the elbow during the reference posture 
(a.) prevents the attachment of the distal posterior upper arm marker cluster. The mechanical linkage (b.) is 
passively moved through the calibration trials for flexion-extension and pronation-supination by a tester. 
Both mechanical linkage and human participants (c.) begin each functional trial in the 90° flexion reference 
posture. 
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During the static calibration trial, unit b was mathematically rotated to align with unit a. The 

virtually realigned unit b shall be referred to as unit b1, with the rotation matrix to achieve this 

being (b1Rb(static)), and the orientation of unit b1 in the global frame at any time point expressed as 

(gRb1(i)). The orientation of unit b1 relative to unit a was then calculated. 

  Ni(i)R(i)R(i)R b

gT

a

g

b

a ,...,1;11   

Equation 7.1: The orientation of unit b1 relative to unit a at time point (i) 

The rotation matrix (b1Rb(static)) was also applied to the angular velocity outputs for unit b, creating 

angular velocity values for virtual unit b1.  

To calculate the FE axis of rotation, the angular velocity of unit b1 and unit a during the elbow FE 

calibration trial were expressed in the global frame using rotation matrices (gRa(i), gRb1(i)). The 

angular velocity of unit b1 relative to unit a in the global frame could then be calculated. 
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Equation 7.2: Calculating the angular velocity of unit b1 relative to unit a at time point (i) 

The time-varying angular velocity could then be expressed in the unit a TF using the rotation matrix 

(aRg(i)). To prevent potential angular velocity vector errors at low speeds, any value less than 1 

rad.s-1 was excluded, and for each remaining data point, a unit vector (u(i)) was calculated. The 

values corresponding to flexion and extension were corrected to travel in a single direction 

(multiplied by -1 at the change of direction), and the mean unit vector was calculated. This was 

designated the FE axis (u_FE), which was subsequently stored relative to the unit a TF. The process 

was identical for identifying the PS rotation axis (u_PS), except the angular velocity of unit a was 

expressed relative to unit b, and the final unit vector was stored within the TF of unit b and 

subsequently unit b1.  

To obtain elbow angles, the orientation of unit b1 was expressed in the TF of unit a, and 

decomposed about the two DoF, u_FE and u_PS (Sommer and Miller, 1981, van den Bogert et al., 

1994). As the reference aligned configuration had the elbow flexed to 90°, the resultant data was 

corrected to allow conventional interpretation (i.e. extending the elbow approached zero degrees’ 

flexion). 

Marker Data Processing and Modelling: The marker trajectory data were processed and filtered 

within Vicon Nexus (1.8.5) software. To perform filtering, tasks were classified as either high 

(throw, bowl3 and bowl4) or low acceleration (all other tasks). Filter cut-off frequencies for low and 
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high acceleration conditions were determined by residual analysis and visual inspection (Winter, 

2005) to be 7 Hz and 10 Hz respectively. 

For consistency, the first marker-based modelling method (MKR) employed only the marker 

clusters attached to the MIMUs. These clusters were used to define TFs which aligned to the 

internal MIMU TFs. Axes of rotation were functionally calculated and stored in the corresponding 

TF using the technique described in Gamage and Lasenby (2002). Elbow FE and PS angles were 

decomposed as per MIMU data modelling procedure.  

For the second marker-based method (TRAD), an established anatomically based upper limb model 

was chosen, representative of the current gold standard for cricket bowling analysis (Lloyd et al., 

2000, Chin et al., 2009, Campbell et al., 2009b). Complete details of the TRAD modelling procedure 

have been presented in Chapter 3.2. The TRAD model employed all markers attached to the 

participant, as well as the cluster attached to unit a (excluding unit b) to construct two segments 

(upper arm and forearm) connected by a six DoF elbow joint. The shoulder joint centre was 

estimated by either the regression equation (males, n = 5) or the generic offset (females, n = 4) 

method described by Campbell et al. (2009b) and was tracked during dynamic tasks using the 

technique presented in Campbell et al. (2009a). For this process, the cluster of markers attached to 

unit a was used to define an upper arm TF. The elbow joint centre was calculated as the midpoint 

of the elbow epicondyles, which were digitised and stored in a TF located on the lower portion of 

the upper arm, as per Chin et al. (2009). The wrist joint centre was calculated as the midpoint of 

the two wrist styloid process markers. Anatomical frames were defined as per International Society 

of Biomechanics standards (Wu et al., 2005), and elbow angles were estimated by decomposing the 

child segment (forearm) relative to the parent (upper arm): FE (Z axis); abduction-adduction (X 

axis); PS (Y axis). A negative (below zero) FE value indicated elbow hyperextension – a necessary 

descriptor required by the regulatory authority’s cricket bowling action assessment protocols.  

Validation Stage 1: Mechanical Linkage Validation 

The mechanical linkage was manually manoeuvred through three trials: pure FE, repeated three 

times; pure PS, repeated three times; and a random combination of FE and PS. 

For the analyses regarding the mechanical linkage, both elbow FE and PS were reported. Time-

varying elbow FE waveforms were output for each trial by MIMU and MKR modelling methods only. 

The root mean square deviation (RMSD) were calculated between MIMU and MRK elbow FE and PS 

for each trial. 
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Validation Stage 2: Human Validation – Simple Elbow FE and PS Motion 

Stage 2 tasks were performed once by each participant and included: maximum extension (static), 

pure FE, combination FE and PS and overhead FE. Elbow FE values were calculated by MIMU, MKR 

and TRAD models, from which the time-varying elbow FE and PS joint angles were normalised. The 

elbow FE value for each maximum and minimum event within each trial was output, after which 

the time-varying waveform data were time normalised to 101 data points using a cubic spline 

interpolation. Waveform comparisons were performed for elbow FE (MIMU vs MKR, MIMU vs 

TRAD) and elbow PS (MIMU vs MKR only) using time-dependent, one-dimensional statistical 

parametric mapping (Pataky, et al., 2013) (SPM1D). These SPM1D results were reported as the 

percentage of the time normalised trial where the two measures returned statistically different 

results, and at what time during the phase compared these differences occur. Mean elbow FE 

maxima and minima angles were calculated for each task/participant and compared with a 

traditional zero-dimensional analysis via a one-way ANOVA and intra-class correlation (ICC). 

Correlations were interpreted as weak (< 0.2), moderate (0.2 – 0.8) or strong (> 0.8) (Cohen, 1988).  

Validation Stage 3: Human Validation – Functional Motion 

Validation stage 3 tasks were a sub-maximal throw and four variations of simulated cricket bowling. 

Throw trials were cropped to commence at the instant the wrist joint centre reached its maximal 

posterior position in the global reference frame, and end when the wrist joint centre reached the 

maximum anterior position. Discrete elbow FE values were extracted from the first frame, 

maximum flexion, maximum extension and final frame. Each throw trial was then normalised such 

that maximum elbow flexion occurred at 50% of the trial - data before max elbow flexion was 

normalised to 50 data points; data following the max elbow flexion event was normalised to 50 

data points.  

During the cricket bowling trials, participants were requested to simulate pace bowling (to limit 

additional wrist and forearm movement as typical of spin bowling actions), characterised by a 

shoulder circumduction movement with the elbow extended from upper arm horizontal to the 

conclusion of the movement. Participants were instructed to increase the velocity for each 

subsequent repetition such that trial one was to be very low velocity (taking approximately five 

seconds to complete) and trial four was to be the fastest but remain sub-maximal (less than one 

second duration), to reduce the likelihood that MIMU accelerometer and gyroscope capacities 

were exceeded. Bowling trials were cropped to begin when the upper arm passed the global 

horizontal (UAH1) and end at the point of the follow through when the upper arm passed back 

through the horizontal plane (UAH2), such that the shoulder circumduction range of each trial was 

180° (Figure 7.3).  



- Elbow Joint Kinematics Using Magneto-Inertial Sensors 
 

177 

Waveform comparisons were performed for elbow FE (MIMU vs MKR, MIMU vs TRAD) and elbow 

PS (MIMU vs MKR only) using SPM1D. Discrete elbow FE values from the throw trial (first frame, 

maximum flexion, maximum extension and final frame), and bowling trials (UAH1, maximum 

flexion, minimum flexion, UAH2 and extension range), were extracted and compared between-

models using a one-way ANOVA and ICC. 

 

Figure 7.3: Bowling trial simulation movement defined between UAH1 and UAH2 such that the movement 
involves 180° shoulder circumduction. 

It was anticipated that the increasing velocity of trials may affect MIMU derived elbow FE estimates 

if recorded accelerations approached the sensor limits (160 m.s-2). As participant velocity and 

acceleration could not be externally controlled during data capture, the bowling trials were 

classified post hoc to facilitate statistical analysis. The maximum velocity of the wrist joint centre 

(calculated using the TRAD model) from each bowling trial was used to classify each delivery into 

one of four categories. An exclusion criterion was applied, with trials that did not exceed 2 m.s-1 

(n = 6) removed. The remaining trials (n = 30) were plotted and classified by the bounds ‘mean 

maximum velocity ± 0.75 standard deviations.  

7.4. Results 

Single axis tasks from validation stage 1 (mechanical linkage) returned <2° RMSD between MIMU 

and MKR estimates of elbow FE and PS angle values, while the combination FE/PS task was <4° 

RMSD (Figure 7.4). Elbow FE generally demonstrated lower RMSD values than PS. 

From validation stage 2 (human participants, low-velocity movements), the MIMU elbow FE angles 

were highly agreeable with MKR and TRAD-derived elbow FE angles values across all movement 

tasks. Both SPM1D analyses (MIMU vs MKR, MIMU vs TRAD) showed 0% time difference for all 

tasks (Figure 7.5). Discrete event analyses returned no statistical differences in elbow FE angles for 

any task (Table 7.1). There were no differences between MIMU and MKR-derived elbow PS 

waveforms for any task (MIMU vs MKR SPM1D: 0% time difference for all tasks). 

During the throwing task (stage 3 validation), elbow FE angles calculated using MIMU and MKR or 

TRAD models were not statistically different (SPM1D and discrete event analysis), however 
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correlations ranged from strong (first frame > 0.919, maximum flexion > 0.870) to moderate 

(minimum flexion = 0.635 to 0.750) and weak (final frame < 0.101) (Table 7.2).  

 

 

Figure 7.4: RMSD between MIMU and MKR elbow angles from mechanical linkage trials. 

Table 7.1: Elbow FE averages for basic movement experiment tasks of isolated flexion-extension (FE), 
combination FE and pronation-supination (Comb) and overhead FE (OHead). Note: statistics were performed 
using within-participant means (n = 9 data points for discrete event statistics). 

  Event Mean (±std) ANOVA ICC 

Task Event MIMU MKR TRAD F Sig 
MIMU vs 

MKR 

MIMU vs 

TRAD 

FE Max 144.0 ±8.2 145.2 ±7.7 141.0 ±7.9 0.691 0.511 0.966 0.854 

 Min 10.4 ±9.2 11.3 ±9.3 8.8 ±8.7 0.184 0.833 0.988 0.641 

Comb Max 137.4 ±7.2 139.0 ±7.4 136.4 ±4.1 0.384 0.686 0.922 0.755 

 Min 9.4 ±7.9 11.1 ±9.0 9.0 ±9.3 0.147 0.864 0.973 0.664 

OHead Max 145.7 ±6.9 144.4 ±8.2 140.5 ±7.7 1.159 0.331 0.976 0.820 

 Min 22.7 ±9.1 21.4 ±10.6 16.8 ±10.4 0.869 0.432 0.987 0.732 

 

Bowling trials from all participants were classified by peak wrist velocity during the delivery phase, 

with any participant returning multiple trials within a single classification having the slowest 

delivery excluded (n = 3). Bowl1 (n = 8), mean peak wrist velocity (vwrist) = 2.5 m.s-1 (standard 

deviation ±0.3 m.s-1); Bowl2 (n = 7), mean vwrist = 3.7 (±0.4); Bowl3 (n = 6), mean vwrist = 5.9 (±0.6); 

Bowl4 (n = 6), mean vwrist = 8.7 (±1.7) (Figure 7.6).  
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Figure 7.5: Example trial from validation stage 2 - elbow flexion-extension waveform analysis. Presented is 
mean and standard deviation plots of elbow FE over time for MIMU v MKR and MIMU v TRAD analyses. The 
SPM1D analysis found no differences between MIMU elbow FE and either MKR or TRAD values. 

The discrete event analysis returned no statistical differences between models for any event in any 

classification (F < 1.6, p > 0.05). The ICC values ranged from moderate to strong (0.515 – 0.967), 

with one exception of MIMU vs TRAD Bowl2 minimum elbow FE (ICC = 0.086) (Table 7.2). 

Waveform analysis of each bowling trial classification found no differences between the MIMU 

derived elbow FE time-varying waveforms and either MKR or TRAD model outputs (SPM1D: 0% 

time difference for all classifications); however the variability of the MIMU elbow FE estimates was 

over 30° for the Bowl4 trials (Figure 4). Likewise, waveform analysis of PS angles did not reveal any 
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differences between MIMU and MKR estimates, although large standard deviations were reported 

for all bowling trial classifications (group mean MIMU PS standard deviation - Bowl1: ±29.1°, Bowl2: 

±31.6°, Bowl3: ±40.3°, Bowl4: ±32.3°; MKR - Bowl1: ±29.4°, Bowl2: ±31.3°, Bowl3: ±34.6°, Bowl4 

±32.0°; Figure 7.7).  

Table 7.2: Discrete elbow FE event analysis for stage 3 validation. ANOVA and Intra-Class Correlation (ICC) 
results presented for each event (UAH = upper arm horizontal; UAH2 = upper arm horizontal indicating end of 
the trial). Note: statistics were performed using within-participant means, the table presents overall means 
for each event. All participants performed a throw trial (n = 9), with n counts provided for each bowling 
classification. 

   Event Mean  (±std) ANOVA ICC 

Task Event MIMU MKR TRAD F Sig 
MIMU vs 

MKR 

MIMU vs 

TRAD 

Throw 

Start 88.4 ±23.8 84.7 ±28.2 84.1 ±28.9 0.066 0.936 0.919+ 0.949+ 

Max 121.4 ±16.7 126.1 ±13.4 123.5 ±13.8 0.236 0.791 0.898+ 0.870+ 

Min 14.5 ±15.1 15.2 ±11.1 11.0 ±11.5 0.284 0.756 0.635^ 0.750^ 

End 18.6 ±13.3 22.7 ±15.9 19.0 ±17.3 0.194 0.825 0.004 0.101 

Bowl1 

(n = 8) 

UAH 14.3 ±11.9 17.3 ±12.6 16.8 ±14.5 0.119 0.889 0.967+ 0.953+ 

Max 23.3 ±6.4 26.1 ±5.9 24.2 ±9.4 0.310 0.737 0.778^ 0.893+ 

Min 11.4 ±9.9 13.6 ±11.2 12.1 ±10.9 0.086 0.918 0.974+ 0.849+ 

UAH2 14.8 ±9.0 17.7 ±6.9 15.7 ±7.6 0.301 0.743 0.830+ 0.646^ 

Bowl2 

(n = 7) 

UAH 14.7 ±12.8 17.5 ±14.6 19.0 ±14.3 0.178 0.839 0.955+ 0.904+ 

Max 27.4 ±12.3 29.3 ±9.8 27.3 ±8.5 0.081 0.923 0.977+ 0.862+ 

Min 11.5 ±6.3 17.4 ±4.8 15.1 ±7.5 1.531 0.243 0.571^ 0.086 

UAH2 14.2 ±9.1 18.4 ±5.0 15.1 ±7.6 0.619 0.549 0.613^ 0.121 

Bowl3 

(n = 6) 

UAH 20.5 ±21.1 18.5 ±13.8 20.5 ±11.7 0.031 0.969 0.937+ 0.803+ 

Max 30.3 ±19.3 29.3 ±13.2 26.7 ±12.1 0.093 0.912 0.929+ 0.824+ 

Min 9.1 ±13.0 16.4 ±6.6 14.7 ±7.5 0.974 0.400 0.734^ 0.515^ 

UAH2 11.4 ±14.6 17.9 ±7.8 15.0 ±8.0 0.558 0.584 0.803+ 0.682^ 

Bowl4 

(n = 5) 

UAH 10.3 ±12.5 12.1 ±10.4 12.3 ±10.5 0.046 0.955 0.957+ 0.712^ 

Max 19.8 ±13.3 21.5 ±7.6 17.6 ±10.8 0.162 0.852 0.905+ 0.848+ 

Min 6.8 ±8.6 13.3 ±6.3 10.4 ±7.5 0.919 0.425 0.567^ 0.713^ 

UAH2 12.7 ±14.9 17.7 ±7.1 12.4 ±10.3 0.345 0.715 0.785^ 0.914+ 

+ denotes moderate correlation coefficient (0.2-0.8); ^ denotes strong correlation coefficient (>0.8) 

7.5. Discussion 

The aim of this study was to investigate the feasibility of a novel MIMU calibration procedure and 

model for the estimation of infield participant-specific, anatomically referenced, elbow joint angles. 

The validation process was divided into three stages of increasing functionality. For the first stage, 

there were no differences between MIMU- and marker-calculated (MKR) estimates of pseudo-

elbow joint angles for both FE and PS DoF, when assessed using a mechanical linkage representing 
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a human arm. During the second stage, there were no differences between the MIMU and marker-

calculated elbow FE and PS angles when testing human participants performing simple joint 

rotations. The final stage tested the MIMU protocol during functional motion representative of the 

cricket-specific sporting movements of bowling and throwing. Although no differences were found 

between the MIMU- and both marker-based calculated elbow angles (MKR and TRAD), there was 

evidence that the MIMU sensor hardware may not yet be capable of measuring motions with 

accelerations approaching or exceeding 160 m.s-2 (Figure 7.7). In summary, this feasibility study 

demonstrates that the proposed MIMU calibration and modelling protocol is capable of calculating 

elbow FE and PS angles at low and medium accelerations that are comparable with marker-based 

motion capture system and associated models.  

 

Figure 7.6: Bowling trial classification. Each participant (colour coded) performed four trials (y-axis) which 
were then plotted by their maximum recorded wrist velocity (x-axis). The mean maximum wrist velocity (solid 
vertical line = 4.98 m.s-1) ± 0.75 standard deviations (dashed vertical lines = mean ± 1.89 m.s-1) were then 
used as bounds to arrange the trials into four classifications. Trials with a maximum wrist velocity < 2 m.s-1 
were excluded. If a participant had two trials within the same classification, the slowest was excluded 
(indicated by triangle marker, n = 3). 

The ability of MIMU systems to capture motion in 3D and estimate participant-specific joint angles 

makes them a potential alternative to the expensive and resource-heavy marker-based systems. 

Populations that have previously had no, or limited access to 3D motion analysis such as cricket 

bowlers and other athletes who perform complex upper limb movements, could benefit from the 

development of this type of system. Additionally, MIMU systems provide the option for increased 

ecological validity (i.e. infield) motion data capture. Employing a MIMU system for detecting illegal 

cricket bowling actions has been previously proposed (Wixted and Portus, 2011), the methodology 

focused on the inertial characteristics of a bowler’s delivery. Rather than directly measuring 

segment positions and calculating relative angles (i.e. elbow extension range), Wixted and Portus 
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(2011) reasoned that for elbow extension to occur, even during high-velocity multi-faceted full 

body movements, the angular velocity of the forearm must increase relative to the upper arm. This 

follows a trend in the literature that despite MIMU (or similar) systems being used for a wide range 

of sporting applications, data is rarely reported as standardised and anatomically relevant joint 

kinematics. Although other useful information can be derived from MIMU data (such as change in 

orientation), standardised measurements involving anatomically referenced joint angles facilitate 

more powerful investigations such as inter-tester comparisons and assessments relative to 

normative data. This research provides some of the first evidence that participant-specific 

anatomically referred joint angles can be calculated using MIMU systems, and that these can be 

adapted for use with dynamic sporting activities. This is of particular importance for the cricket 

bowling application as during a bowling analysis hyperextension must be excluded from total elbow 

extension values. 

 

Figure 7.7: The analysis of the four classifications of bowl trials. Presented are the mean and standard 
deviations. 

To obtain anatomically referenced data, MIMU sensor systems must either be aligned with 

segment anatomical axes (manually aligned by tester) or undergo a proper anatomical calibration 
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to mathematically align sensor units arbitrarily placed upon segments with participant specific joint 

reference frames. Unfortunately, both techniques inherently contain some subjectivity. The 

hanging arm by the side reference posture assumes the longitudinal axes of the upper and forearm 

align to a 0° flexion configuration, from which all subsequent angles will be derived. In reality, some 

participants will not be able to adopt a 0° elbow flexion pose, possibly through fixed flexion bony 

abnormalities or hyperextension (both commonly found within the elite cricket fast bowling 

population). This will lead to the introduction of baseline measurement errors potentially affecting 

downstream joint angle calculations. The proposed reference posture mitigates this issue by 

providing a guide, the customised tripod support device, and choosing a 90° elbow flexion angle, 

which is not affected by endpoint extension irregularities such as fixed flexion. Recently, Ligorio et 

al. (2017) have presented a potentially more robust protocol, where the reference posture did not 

have to be maintained during the functional calibration trials; however, they still relied upon a 

neural standing reference posture. The protocol presented within this work should investigate 

incorporating elements of Ligorio et al. (2017) protocol to build robustness in conjunction with the 

more accessible calibration posture. Theoretically, any elbow pose could be used for the reference 

posture, providing it were known and subsequently accounted for in the model correction. That 

MIMU systems still require reference postures through manually posing segments remains an 

inherent limitation of the technology for the time being.  

A limitation of this study was that the modified tripod prevented the distal upper arm marker 

cluster from being applied until the elbow was removed from the calibration device, thereby 

preventing calculation of elbow angle by the TRAD method during the reference pose. This means 

the accuracy of the reference postures could not be validated for this study, and it is recommended 

that future research explores methods to improve the assumption and recording of such a pose. 

Whilst the reference posture does require some level of subjectivity, the use of functional axes 

calculated between two MIMUs arbitrarily placed on adjoining segments exempts the testers from 

anatomical landmark palpation (as, for example, in Picerno et al. (2008)), and has previously been 

identified as being less sensitive to initialisation conditions than other approaches (Galinski and 

Dehez, 2012). 

Although statistical analyses found no differences between the MIMU and TRAD elbow FE angles 

during functional trials, visually inspecting the mean/standard deviation data (Figure 7.7) shows 

that as accelerations increased, the variability of the MIMU derived values also increased. By the 

fourth bowling condition (bowl4), whilst TRAD values maintain a similar variability to previous 

conditions, the MIMU system was returning elbow FE angles with the standard deviation exceeding 

the magnitude of the mean. This may be attributed to the individual sensors of the MIMU system 

used nearing hardware capacity (ceiling effects). The MIMU system employed for this study (Xsens 
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MTw Awinda) is reported as having sensor capacities typical of the current commercially available 

systems (±2000 deg.s- 1, ±160 m.s-2). The maximum experimentally recorded values in this study 

were 166.7 m.s-2 acceleration, exceeding the manufacturer specified maximum capacity, and 1850 

deg.s-1 angular velocity, both during bowl4 classified trials. There was no indication whether the 

sensor saturated (e.g. signal clipping) or only approached saturation as the data underwent pre-

processing, a limitation of using a commercial system that pre-processes data prior to output. 

Wixted and Portus (2011) estimated maximal bowling efforts may produce more than 70 g (687 

m.s-2) of acceleration and 2000 deg.s-1 angular velocity at the wrist, which would easily saturate the 

sensors used in this study. In addition to the issue of sensor saturation, the sample rate of 100 Hz 

was well below the 250 Hz previous cricket bowling data has been recorded at (Portus et al., 2006, 

Zhang et al., 2011, Bayne et al., 2016). As such, whilst the calibration and modelling procedures are 

accurate, MIMU hardware specifications must be improved before the presented protocol can be 

employed for cricket bowler action analysis.  

Finally, although the mathematical model for defining the elbow used for this study was not itself 

new, this study presents innovative research regarding several MIMU modelling factors. The 

imposed 90° reference posture for defining elbow angles provides a novel alternative to the 

common ‘hanging arm’ posture, circumventing the issue of participants who present with elbow 

anthropometrical baseline irregularities. To provide a comprehensive validation of the proposed 

methods, testing was systematically performed with increasing levels of functionality, from 

controlled ‘ideal’ circumstances to dynamic, functional (albeit sub-maximal) motions. Importantly, 

this study builds upon previous research, presenting a method for MIMU-based motion capture 

that allows for the calculation of anatomically referred joint angles within a sporting context. It is 

recommended that future research investigates the proposed MIMU calibration system on a wider 

variety of sporting movements, test calibration robustness (similar to Ligorio et al., 2017) and, 

when available hardware allows, incorporate movements comprising acceleration levels more 

representative of that observed during competitive performances. 

7.6. Conclusion 

The proposed MIMU calibration and modelling method, consisting of a reference posture (90° 

elbow flexion) and functionally defined elbow axes of rotation, was capable of estimating accurate, 

anatomically referenced elbow angles during cricket bowling. While MIMU sensors capable of 

measuring higher accelerations and angular velocity are required before competitive intensity 

sporting motion can be measured, the modelling protocol presented produced elbow angle 

estimates comparable to marker-based criterion measures, across a series of validation conditions, 

including movements representative of the cricket bowling action. 
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Chapter 8 - Synthesis of Findings and Conclusions 

8.1. Summary of Findings 

The biomechanics literature presents many options for human motion capture and skeletal 

modelling. Marker-based systems represent one of the most common motion capture 

technologies, yet debate exists over basic direct kinematic (DK) modelling standards such as marker 

configurations. Beyond DK modelling, alternative approaches and motion capture solutions, such as 

inverse kinematics (IK) might now present viable options for addressing systematic errors 

characteristic of soft tissue artefact; and magnetic and inertial measurement (MIMU) systems 

present an opportunity to address the ecological validity issues surrounding laboratory-based 

motion capture procedures. The research presented in this thesis has progressed the current state 

of upper limb motion capture and modelling by identifying existing issues and exploring solutions 

within the applied context of sport. An overview and summary of the key findings and conclusions 

from Chapter 4 through Chapter 7 are outlined here to emphasise the significance of the research 

conducted. 

Chapter 4: Modelling and Associated Marker Placement Strategies: Measuring Elbow Flexion 

During Cricket Bowling 

Listed here are the major findings from the research presented in Chapter 4 with reference to the 

null hypotheses stated in Chapter 1. 

• When modelling cricket bowling during the delivery phase (defined by upper arm 

horizontal and ball release events of the forward swing phase):  

- the simple DK model estimated significantly lower elbow FE angles than complex DK 

model derived angles at three of five discrete events (maximum elbow flexion, 

minimum elbow flexion, ball release) (zero-dimensional statistical test, 0D);  

- the simple DK model estimated significantly lower elbow FE angle waveforms than the 

complex model (one-dimensional statistical test, 1D). 

Outcome: null hypothesis rejected 

• When modelling cricket bowling during the delivery phase, the simple model estimates:  

- of elbow FE angles at nominated discrete events (upper arm horizontal, maximum 

elbow flexion, minimum elbow flexion, ball release, elbow extension range) were not 

different between testers (0D statistical test); 

- of elbow FE angle waveforms were not different between testers (1D statistical test). 

Outcome: null hypothesis accepted 
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• When modelling cricket bowling during the delivery phase, the complex model estimates:  

- of elbow FE angles at nominated discrete events (upper arm horizontal, maximum 

elbow flexion, minimum elbow flexion, ball release, elbow extension range) were not 

different between testers (0D statistical test); 

- of elbow FE angle waveforms were not different between testers (1D statistical test). 

Outcome: null hypothesis accepted 

• The simple and complex DK modelling approaches returned different rulings for some trials 

in the application of the cricket bowler legality test. In each instance, the simple model 

returned illegal, whilst the complex model returned legal rulings. 

Outcome: null hypothesis rejected 

The principle findings from this study were that 1) both simple and complex external marker 

configuration/modelling approaches were found to be inter-tester repeatable, and 2) the simple 

model consistently estimated lower elbow FE angles during the delivery phase of cricket bowling 

when compared with the complex model (statistical parametric mapping (SPM1D) = 100% time 

different; root mean square (RMS) difference = 5.8 ±2.4°, see Chapter 3.5 for detail on SPM1D). 

These observed differences were primarily attributed to how the simple and complex models 

define and track the shoulder joint centre during overhead bowling trials, as the shoulder joint 

centre is imperative for defining the anatomical reference frame of the upper arm (humerus). 

During the bowling deliveries, the simple modelling approach produced greater variation in upper 

arm segment length fluctuation (3.8 ±2.2%) compared with the complex (2.3 ±1.3%), which is why 

the latter is recommended for the assessment of elbow joint angles during cricket bowling.  

Despite no significant difference in mean elbow extension ranges, the simple and complex models 

returned alternate legality rulings (as per the International Cricket Council definition) affecting one-

third of participants tested. In each case, the simple model presented an elbow extension range 

that would classify the bowler as illegal; whilst the complex model returned a legal classification. As 

the complex model produced results that tended to benefit the bowler, this served as further 

rationale for recommending the complex model for formal cricket bowling technique assessments.  

Chapter 5: Assessing the Accuracy of Inverse Kinematics in OpenSim to Estimate Elbow 

Flexion-Extension during Cricket Bowling: Maintaining the Rigid Linked Assumption 

Listed here are the major findings from the research presented in Chapter 5 with reference to the 

null hypotheses stated in Chapter 1. 

• The IK modelled estimates of joint angles and ground truth values were not different under 

controlled conditions (using a mechanical linkage) (0D statistical test); 

Outcome: null hypothesis accepted 
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• The IK modelled elbow FE angles were significantly lower than the criterion measure elbow 

FE angles during an overhead sporting action (0D statistical test). 

Outcome: null hypothesis rejected 

Chapter 6: Prescribing Joint Coordinates during Model Preparation to Improve Inverse 

Kinematic Estimates of Elbow Joint Angles 

Listed here are the major findings from the research presented in Chapter 6 with reference to the 

null hypotheses stated in Chapter 1. 

• When modelling cricket bowling during the delivery phase (defined by upper arm 

horizontal and ball release events of the forward swing phase) within the modelling 

framework OpenSim, initialising a skeletal model with known static joint angles (prescribing 

coordinates) during model preparation: 

- produced significantly more accurate (compared against a criterion measure) IK-

derived elbow FE angles values at five discrete events (upper arm horizontal, maximum 

elbow flexion, minimum elbow flexion, ball release, elbow extension range) (0D 

statistical test); 

- produced significantly more accurate (compared against a criterion measure) IK-

derived elbow FE angle waveforms (1D statistical test). 

Outcome: null hypothesis rejected 

• When modelling cricket bowling during the delivery phase, initialising a skeletal model with 

known static joint angles (prescribed coordinates) during model preparation: 

- did not affect the repeatability of IK-derived elbow FE angles values at five discrete 

events (upper arm horizontal, maximum elbow flexion, minimum elbow flexion, ball 

release, elbow extension range) (0D statistical test); 

- did not affect the repeatability of IK-derived elbow FE angle waveforms (1D statistical 

test). 

Outcome: null hypothesis accepted 

• Marker error values were not indicative of the accuracy of an IK solution when compared 

against criterion measure values. 

Outcome: null hypothesis accepted 

Chapter 5 and Chapter 6 in combination investigated the accuracy and repeatability of IK modelling 

approaches for calculating elbow joint angles. Chapter 5 tested the validity of the IK modelling 

process against ground truth data provided by a mechanical linkage representing a human upper 

limb devoid of soft tissues. The IK modelled data was near perfectly correlated with ground truth 

values derived from the mechanical linkage. When tested on a small human data set, mixed results 
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were observed across participants (R2 range from -0.09 to 0.98). It was concluded that whilst the 

mathematical basis of IK was valid, the observed differences in elbow joint angles between IK and 

an established upper limb DK model were likely due to 1) the introduction of systematic error 

characteristic of soft tissue artefact and 2) the skeletal model preparation procedures employed. 

Chapter 6 builds on the conclusions of Chapter 5, exploring how skeletal model preparation within 

OpenSim influenced IK-derived elbow FE angles during cricket bowling. The experimental 

procedures tested whether prescribing coordinates during marker registration (MRPC) could 

improve IK-derived solutions when compared with criterion DK model derived angles 

(recommended from Chapter 4). Prescribing coordinates was not shown to improve the inter-tester 

repeatability when compared with a non-prescribed coordinates condition (MR); however, 

prescribing coordinates did estimate more accurate elbow FE angles (better aligned with the 

criterion DK modelled joint angles) and produced more biologically intuitive results (SPM1D 

analysis: MRPC v DK = 68% time different; MR v DK = 100%). Prescribing known joint coordinates 

during model preparation (MRPC) was recommended for future upper limb motion analyses 

employing IK models within the OpenSim framework.  

A secondary aim of Chapter 6 was to determine whether marker error provides an appropriate 

surrogate measure of an IK solution’s accuracy or repeatability. Despite vastly different IK solutions 

produced by each IK modelling condition, marker errors were very similar (MRPC average RMS 

error: 2.2 ±0.8 m/frame; MR: = 2.5 ±1.0 mm/frame). The RMS error was not recommended to be 

used as a measure of an IK solution’s kinematic accuracy or repeatability, despite it being regularly 

reported as such in the field. 

Chapter 7: Elbow Joint Kinematics During Cricket Bowling Using Magneto-Inertial Sensors: A 

Feasibility Study 

Listed here are the major findings from the research presented in Chapter 7 with reference to the 

null hypotheses stated in Chapter 1. 

• The proposed MIMU system, calibration and modelling protocol estimated valid elbow FE 

angles under controlled conditions when compared with ground truth values (using a 

mechanical linkage). 

Outcome: hypothesis accepted  
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• The proposed MIMU system, calibration and modelling protocol (relative to a criterion 

measure): 

-  estimated valid elbow FE angles at discrete events nominated a-priori for low-velocity 

tasks (0D statistical test); 

- estimated valid elbow FE angle waveforms for low-velocity tasks (1D statistical test). 

Outcome: hypothesis accepted 

• The proposed MIMU system, calibration and modelling protocol (relative to a criterion 

measure): 

- did not estimate valid elbow FE angles at discrete events nominated a priori for high-

velocity tasks (0D statistical test); 

- did not estimate valid elbow FE angle waveforms for high-velocity tasks (1D statistical 

test). 

Outcome: hypothesis rejected (for the MIMU system used) 

Chapter 7 was a proof of concept study, investigating the feasibility of a novel calibration procedure 

for use with a MIMU system for modelling participant-specific, anatomically referred elbow angles 

during dynamic functional movements. During each of the validation stages, the MIMU elbow FE 

angles were compared with either ground truth values (from a mechanical linkage arm) or those 

obtained from a criterion measure (marker-based modelling approach, the complex DK model 

recommended from Chapter 4). The results from the mechanical linkage tests demonstrated strong 

measurement agreement with ground truth values, with the elbow FE RMS difference <2° for all 

tasks performed. During testing with human participants and low-velocity movements, the MIMU 

system demonstrated strong elbow FE measurement agreement against the criterion measure. 

Inspection of the data showed that the MIMU system had excessively large standard deviations 

during the highest velocity condition, although no statistical differences were found when 

compared with the criterion measure as the mean elbow FE angles were similar. This indicates that: 

first, care must be taken that sufficiently large samples of data are present when using SPM1D 

statistics; and second, the MIMU system investigated was not suitable for near-maximal intensity 

movements, like that encountered during competitive performance. It was concluded that whilst 

the hardware specifications of the MIMU system in the present research were not appropriate for 

quantifying near-maximal intensity motion, the proposed calibration protocol and modelling 

procedures were successful at estimating accurate, participant-specific, anatomically referred 

elbow FE joint angles in low-velocity settings. 
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8.2. Synthesis of Findings 

Together, the studies that comprise this thesis highlight the important fact that modelling the 

human body, especially during high-velocity overhead sporting tasks such as cricket bowling, is a 

complex and multifaceted problem. In this section, the findings of all research outcomes are 

considered to provide commentary on the current state of relevant topics as well as possible future 

directions within the upper limb biomechanics field. 

Advancing Marker-Based Motion Capture for Upper Limb Modelling 

Currently, marker-based motion capture remains the best available technology for recording and 

quantifying upper limb dynamic sporting motion. This is due to a number of factors, including the 

high data capture rates, and the ability to record motion in three dimensions (3D) with great 

precision. There are two modelling considerations that should be noted when using these 

technologies: the external marker configuration chosen to track anatomical landmarks, and the 

modelling approach (i.e. DK versus IK) selected to estimate the kinematics of a participant’s 

underlying bony motion.  

Chapter 4 is one of the first studies to directly compare two marker configurations for modelling 

the upper limb during a dynamic sporting task. Whilst it is well established that soft tissue artefact 

will significantly influence lower limb kinematic estimates (Peters et al., 2010), research 

investigating its influence on upper limb kinematics is not as comprehensive. Chapter 4 not only 

investigated the influence of marker configuration on joint angles but identified the likely sources 

of systematic errors to explain these differences. Whilst simple (markers placed upon anatomical 

landmarks) and complex (markers placed away from areas of skin sliding) modelling approaches 

both proved inter-tester repeatable, they estimate statistically different elbow FE angles 

throughout a cricket bowling delivery. These differences were predominantly attributed to 

variation in shoulder joint centre identification and tracking by the simple and complex models, 

which on average diverged by 30 mm during bowling trials. Segment length fluctuations were also 

observed throughout the bowling trials for both DK model approaches. The greatest fluctuations 

were observed for the simple model’s estimation of the upper arm segment lengths (3.8 ±2.2%; 

complex upper arm segment length fluctuation = 2.3 ±1.3%), which again were likely attributed to 

the dynamic modelling of the shoulder joint centre. Because of these factors, the complex model 

(CAST-based approach) is recommended for the DK modelling of dynamic overhead movements.  

It can be argued that the modelling framework a researcher selects to calculate skeletal kinematics 

is more important than the marker configuration used. An IK modelling routine has previously been 

suggested as a viable alternative to traditional DK modelling, as it is proposed to mathematically 

address the issue of systematic errors characteristic of soft tissue artefact (Lu and O’Connor, 1999; 
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Roux et al., 2002). This is possible by using a skeletal model with predefined segment lengths and 

constrained joints. These modelling considerations will prevent joint translations, joint dislocations 

and segment length fluctuations which were demonstrated in Chapter 4. Despite some uptake in 

the sports biomechanics literature, the IK modelling process has not undergone rigorous validation. 

Chapter 5 showed the IK modelling process was capable of near-perfect joint angle correlations 

under both static and low-velocity conditions when compared with ground truth values obtained 

from a mechanical linkage. Following validation under controlled conditions, a pilot test on a small 

dataset of human participants performing a cricket bowling task showed IK was not able to 

estimate elbow FE angles comparable with the chosen criterion measure (the complex DK model 

recommended from Chapter 4). A likely candidate for the source of these observed differences was 

identified in the skeletal model preparation, which is consistent with the findings from Dunne et al. 

(2013) and Lathrop et al. (2011). These differences may also be due to systematic sources of error 

like soft tissue artefact. It is concluded that the IK modelling process is valid, but more research is 

required to improve the modelling preparation and procedures among human participant data. 

The skeletal model preparation was performed in Chapter 5 as per the standard modelling 

procedures (and then-current literature) for using an IK approach. Lathrop et al. (2011) suggested 

improving skeletal model preparation for use with IK by increasing model individualisation to 

participants, and Dunne et al. (2013) suggested a method of achieving this, terming the process 

‘prescribing coordinates’. This method, as explored in Chapter 6, was shown to improve the 

positioning of virtual skeletal markers with experimental marker positions during the marker 

registration process, which produced more accurate IK solutions when compared with the current 

best practice DK modelling approach. As the uptake of IK modelling increases, more work is 

required to further enhance and standardise skeletal model preparation practices to ensure the IK 

solutions are accurate and repeatable, which will assist with test-retest research questions and the 

ability to share/compare results between laboratories. Simultaneously, improving the participant-

specificity of skeletal models would increase the accuracy of movement constraints, providing 

better quality IK solutions. Methods are already being explored to add participant-specific inertial 

parameters into musculoskeletal modelling (Rossi et al., 2013). It is strongly recommended that 

marker registration is performed with prescribed coordinates (as per the MRPC approach of Chapter 

6) in future investigations using an IK modelling routine in OpenSim, particularly for researchers 

interested in analysing the upper limb. 

Soft Tissue Artefact 

One common theme to Chapter 4, Chapter 5 and Chapter 6 was the overarching presence of soft 

tissue artefact. When using DK models (Chapter 4), the differences between simple and complex 
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modelled elbow FE varies throughout dynamic bowling trials, a trend also observed in the Chapter 

6 results. Both Chapter 4 and Chapter 6 reported that the greatest differences in elbow FE angles 

occurred at approximately 90% of the delivery phase, or just prior to ball release. At this point of 

the bowling delivery: 1) the upper arm is positioned overhead, and 2) the segment accelerations 

are highest as the participant prepares to release the ball. The differences in DK and IK elbow FE 

values (Chapter 6) could possibly be the IK method mitigating soft tissue artefact, which is known 

to be substantial enough to introduce >5° measurement error (Peters et al., 2010). The IK modelling 

routine with prescribed coordinates, now shown to be inter-tester repeatable, may, in fact, be 

more accurate than the DK values employed as the criterion measure; but this is yet to be proven. 

Unfortunately, it remains incredibly difficult to obtain ground truth values for a dynamic task such 

as cricket bowling. Whilst these approaches produce different results, the complex DK model 

remains as the best practice upper limb model for the time being, as it has undergone peer-

reviewed systematic validations and is published in the literature. Future research should target 

whether the differences between DK and IK-derived angles are a result of systematic errors such as 

soft tissue artefact being mitigated. 

MIMU Motion Capture: An Alternative to Marker-Based Systems 

Many researchers are looking to move away from marker-based motion capture technologies to 

mitigate modelling errors associated with marker occlusion and to improve the ecological validity 

of motion capture procedures. A MIMU based motion capture system can utilise functional 

definitions of participant-specific axes of rotation, reducing the subjectivity of motion capture by 

removing the need to identify anatomical landmarks. Utilising this ability, the method proposed in 

Chapter 7 does not require the tracking of joint centres during dynamic tasks, one of the largest 

identified sources of measurement variability between marker-based models (Chapter 4), and 

between modelling approaches (DK and IK, Chapter 6) in the current research.  

Previous MIMU studies (Cutti et al., 2008; de Vries et al., 2010; Galinski and Dehez, 2012) have 

attempted to calculate anatomically referred kinematics during simple, low-velocity tasks. For their 

calibration protocols, participants were required to adopt a common neutral standing reference 

posture, which may be problematic when participants present with fixed elbow flexion. Chapter 7 

extends the scope of previous research to present a protocol capable of calculating participant-

specific, anatomically referred elbow angles within a sporting context. Results showed this motion 

capture and modelling approach is robust, capable of estimating elbow joint angles over a wide 

range of upper limb movements, with the exclusion of the high-velocity condition. Once sensors 

with the appropriate hardware capacities become available, specifically the accelerometers, the 

proposed methods should be validated for use with high-velocity sporting movements. The 

methods presented in Chapter 7 bridge a gap in the literature allowing for the calculation of 
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participant specific, anatomically referred joint (elbow) angles from MIMU system motion data 

during an applied sporting context. When hardware capabilities improve, these methods will 

potentially become a new standard for upper limb kinematic analysis within said applied sporting 

context. 

Modelling Cricket Bowling Actions 

One of the motivations of this thesis was to bridge the gap between modelling theory and practice. 

Each study contains some element of application within the context of cricket bowling. Cricket 

bowling is a highly dynamic, high-velocity overhead movement; however, cricket bowling motion 

analysis is unique within the biomechanics literature, which is generally focused on injury 

monitoring or performance enhancement. This is due to the restrictions placed on the cricket 

bowling action by the sport’s governing body, with the potential for athletes to be banned based 

on the outcome of a biomechanical assessment. This regulatory influence provides a strong 

justification for the closer investigation of modelling conventions used for such analyses, and a 

deeper understanding of the impact different motion capture and modelling choices may have on 

assessment outcomes. 

Despite differences in elbow FE being recorded throughout Chapter 4, Chapter 6, and to a lesser 

extent Chapter 5, this did not generally translate to differences in elbow extension range estimates. 

For example, when different external maker configurations were investigated (Chapter 4), the 

difference in mean elbow extension range was minimal (simple marker configuration: 26.9 ±13.0°; 

complex: 25.9 ±13.7°). However, when each individual trial was subject to the threshold test of 15° 

elbow extension, instances were found where bowler legality recommendations differed solely as a 

function of the marker configuration employed. When comparing modelling frameworks (Chapter 

6), while differences in the elbow extension range were larger in absolute terms, these were still 

not statistically different (DK model: 26.7 ±14.2°; IK-MRPC: 23.3 ±12.8°). The legality classification 

was not performed as in Chapter 4, but theoretically, any absolute difference in elbow extension 

values could straddle the legality threshold and return contrasting legality rulings. It is also possible 

that marker configuration or modelling choice may have a greater influence on legality 

classifications if a population of bowlers exhibiting extension ranges closer to the 15° threshold was 

analysed. 

Within Chapter 4, one rationale for recommending the complex model is because it favoured the 

athlete given the more conservative estimates of elbow extension range. The current state of 

cricket bowler action testing involves the athlete travelling to an accredited indoor laboratory and 

performing in an unfamiliar and artificial environment. A MIMU system circumvents the need for 

laboratory testing, allowing for motion capture to take place in more natural environments. This 
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potentially increases the ecological validity of data capture, and the research presented in Chapter 

7 represents an initial step on the path of being able to use such systems for cricket bowling 

analysis. Despite the MIMU system used for this research not being capable of recording high-

velocity movements, the calibration and modelling procedure proved valid for estimating elbow FE 

angles and is recommended for further development. 

Statistical Parametric Mapping 

The investigations within this thesis required the analysis of waveform data (i.e. elbow FE angles). 

As opposed to the traditional 0D approaches, adopting SPM provided the opportunity to compare 

waveforms in their entirety rather than the more traditional method of extracting values at 

multiple discrete time points. At first glance, this did not appear to affect the outcome of any 

comparisons (hypotheses were not accepted or rejected differently for 0D and 1D tests), however 

the power of an SPM approach was evident. The SPM time-varying analyses identified greatest 

differences between both marker configurations (simple v complex, Chapter 4) and modelling 

framework (DK v IK, Chapter 6) at 90% of the delivery phase. This corresponds to a time when the 

arm is entirely overhead, a pose where 1) little model validation has been performed and 2) end 

joint ranges of motion and high accelerations are likely to be exacerbating any soft tissue artefact 

errors present. In the Chapter 6 comparison of IK-MRPC and criterion measure elbow FE, two 

separate periods of difference were identified, the largest at the 90% of bowling delivery phase. 

The use of SPM in Chapter 7 did not allow for the identification of important modelling differences 

when the MIMU system was unable to measure elbow FE in the high-velocity condition. This is 

most likely due to an insufficient volume of data for an appropriate alpha value to be set. The alpha 

value is calculated from the smoothness of the data, and as the data in this condition was quite 

variable due to errors produced by the MIMU system, more data are required to obtain an 

appropriate alpha value. That said, SPM has proven a powerful exploratory analysis tool and is 

recommended for future statistical analyses of time-varying biomechanical signals. 

The Future of Upper Limb Modelling  

Novel approaches to motion analysis, such as IK and MIMU systems, continue to grow in 

popularity, but marker-based motion capture and DK modelling methods remain the benchmark 

for analysing highly dynamic upper limb sport-based movements. In the context of marker-based 

motion capture, soft tissue artefact remains the largest single source of systematic error, yet there 

has been limited progress in reducing or removing its influence from the modelling processes used. 

The IK modelling approach is compatible with existing marker data, whilst potentially lessening the 

influence of soft tissue artefact through considerations such as rigid skeletal models and predefined 

degrees of freedom. Chapter 5 and Chapter 6 provide promising results regarding the use of IK for 
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estimating elbow angles; however, this approach must be validated with a greater array of 

movements, and ideally with ground truth measures before it can be recommended as a 

standalone modelling framework. This may be possible as technological advances address the 

limitations of current methods such as fluoroscopy (e.g. improvements in capture volume, 

resolution and capture rate) or produce emergent methods that surpass current abilities. 

Ultimately, it must be established whether differences between DK and IK model outputs are due 

to a reduction of systematic error/soft tissue artefact or can they be attributed to some other 

source not considered here. To build upon the presented findings, future research should 

investigate the IK modelling of different movement patterns, and validate and use more complex 

upper limb models, such as that recently published by Seth et al. (2016).  

The motion capture market currently has very little product between common but limited two-

dimensional video, and powerful but exclusive 3D marker-based analyses. MIMU systems have the 

potential to provide a highly accessible intermediate motion capture solution, viable for wide 

distribution and capable of infield 3D motion capture. However, before this can be realised, MIMU 

systems must improve hardware capacities, particularly accelerometer specifications, and the 

modelling procedures must be validated for a wide range of movement patterns. The research 

within Chapter 7 establishes that MIMU systems, combined with the proposed calibration 

procedure employing participant-specific functional axis definitions, can derive elbow joint 

kinematics comparable with established marker-based methods. Future work should continue to 

refine and strengthen MIMU modelling protocols, building upon the work presented here. 

Perhaps the overriding finding of this compiled work is that no single motion analysis methodology 

can provide a universal solution. Instead, researchers modelling dynamic, overhead sporting 

movements must take into consideration multiple motion capture and modelling factors before 

selecting the method most appropriate for their specific research question(s). The current best-

practice modelling approach for dynamic overhead sporting movements remains the complex DK 

model (Chapter 4). An IK approach appears promising for mitigating errors such as soft tissue 

artefact, but still requires validation work and further standardisation of modelling procedures 

(Chapter 5, Chapter 6). A MIMU system of greater hardware capacities than the one used for 

Chapter 7 has the potential to provide a workable solution for infield motion capture. It is hoped 

future research can address these remaining questions, for example, the ongoing soft tissue 

artefact conundrum, and verifying the reliability of IK upper limb models. The endpoint of this 

thesis is that the work presented within it demonstrates the strengths and limitations of some 

major motion analysis processing pipelines, making each topic better understood and more 

accessible and thus facilitating increasingly advanced upper limb modelling practices in the field.   
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8.3. Take Home Messages  

The following points summarise the major outcomes of this compiled research: 

• The CAST-based approach of the complex model is recommended for the DK modelling of 

dynamic overhead movements; 

• The IK modelling process is valid under controlled conditions devoid of soft tissue artefact; 

• Regarding skeletal model preparation for an IK modelling approach: prescribing participant-

specific joint coordinates during marker registration is a recommended step for obtaining 

accurate and repeatable joint angle estimates, particularly for researchers interested in 

analysing the kinematics of the upper limb; 

• The proposed MIMU system calibration with functionally defined axes of rotation and 

modelling procedure proved valid for estimating elbow FE angles during low to moderate 

velocity tasks, and is recommended for further testing; 

• The use of SPM is recommended for exploratory analyses of time-varying kinematic data. 

8.4. Practical Application 

The applied knowledge that can be disseminated from the findings of this research are summarised 

here: 

1. Whilst upper limb marker configurations may be inter-tester repeatable, it is 

important to recognise that different elbow FE angle estimates may result if an 

anatomical (simple) or CAST-based (complex) modelling approach is used; 

2. Differences in values estimated by contrasting upper limb marker configuration have 

the potential to influence classifications about a specific kinematic threshold – for 

example 15° elbow extension during cricket bowling; 

3. The computational tool IK, within the modelling framework OpenSim, can estimate 

repeatable and more accurate kinematic solutions if participant-specific marker 

registration protocols are used during the marker registration step of model 

preparation;  

4. MIMU motion capture systems can calculate participant-specific anatomically 

referred joint angles that are similar to those calculated by an established marker-

based model; 

5. Commercially available MIMU motion capture systems may not yet have the 

capacities to measure high-velocity movement typically observed in sport. 
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Supplementary Materials 

Electronic Appendices 

Given the nature of the research involved in this thesis, much of the work was digital and 

unsuitable for presentation within a physical or electronic book format. Electronic appendices 

(notated ‘E-Appendix X’) have been compiled and accompany these works either on the 

accompanying digital media device or online at https://tinyurl.com/dwells-phd-appendices. 
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Appendix A: OpenSim Function Settings 

Table A1 presents the marker and coordinate weightings for executing both steps of model 

preparation and inverse kinematic modelling within the modelling software OpenSim as performed 

in Chapter 5. 

Table A2 presents the marker and coordinate weightings for executing both steps of model 

preparation and inverse kinematic modelling within the modelling software OpenSim as performed 

in Chapter 6. 

For each participant: external marker positions were recorded during motion capture; joint centres 

were estimated by the DK modelling approach during the static A-pose trial from external marker 

positions and exported within the experimental marker data; joint coordinates were estimated 

from the static A-pose trial by the DK modelling approach. During IK, JC’s were deselected, while 

the triad markers were weighted heavily. 

Table A1: Chapter 5 OpenSim marker weightings for model preparation and IK modelling processes. 

Kinematic Marker/  

Joint Centre (JC) 

Mechanical Linkage Bowling Trials 

Model 

Preparation 
IK 

Model 

Preparation 
IK 

SJC 100 - - 100 250 

Upper Arm Triad 

(UA1,2,3) 
- - 75 - - 75 

Elbow (LEL, MEL) - - 100 - - 100 

EJC 100 - - 100 250 

Forearm Triad 

(FA1,2,3) 
- - 100 - - 100 

Wrist (AWR, PWR) - - 125 - - 125 

WJC 100 - - 100 250 
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Table A2: Chapter 6 OpenSim weighting settings for model preparation and IK modelling processes. Marker 
abbreviations: ACR (acromion), pUA (proximal upper arm), dUA (distal upper arm), FA (forearm), 
LWR/RWR (left/right wrist marker). 

   MR   MRPC  

 
Marker/ 

Coordinate 

Model Preparation Modelling Model Preparation Modelling 

 
Scaling 

Marker 

Registration 
IK Scaling 

Marker 

Registration 
IK 

Ex
te

rn
al

 M
ar

ke
rs

 ACR1-3 - 1.0 10.0 - 1.0 10.0 

pUA1-3 - 1.0 100.0 - 1.0 100.0 

dUA1-3 - 1.0 100.0 - 1.0 100.0 

FA1-3 - 1.0 100.0 - 1.0 100.0 

LWR/MWR - - - - - - 

Jo
in

t 
 

C
e

n
tr

e
s 

Shoulder 1000.0 1000.0 - 1000.0 1000.0 - 

Elbow 1000.0 1000.0 - 1000.0 1000.0 - 

Wrist 1000.0 1000.0 - 1000.0 1000.0 - 

Jo
in

t 
 

C
o

-o
rd

. Elbow FE - - - - 1000.0 - 

Elbow Abd - - - - 1000.0 - 

 Values presented are a ratio and have no unit 

‘-‘ indicates the option to weight was deselected 
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Appendix D: Conference Proceedings  

The following conference proceedings arose from the work of this thesis. The conference 

information is presented for each followed by the abstract in its accepted form.  
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SUMMARY 

Though there are multiple methods available to 

calculate an individual’s upper limb kinematics 

during functional tasks, little research has directly 

compared the repeatability of available upper limb 

kinematic modelling methodologies. For this 

investigation, two direct kinematic modelling 

approaches were compared. 1) An anatomical 

modelling technique (ANAT), that uses specific 

anatomical landmarks to define joint centers and 

axes, and 2) a calibrated anatomical system 

technique (CAST), with a functional joint axis 

approach (FCAST). In random order, two testers 

fitted eight cricket bowlers with both ANAT and 

FCAST marker sets in two independent testing 

sessions. During each testing session, participants 

were instructed to bowl 12 trials of various delivery 

types. Elbow joint flexion-extension (F/E) angles at 

upper arm horizontal (UAH), ball release (BR) and 

extension range were compared within session to 

provide a between model analysis (ANAT vs. 

FCAST) and between sessions to provide a measure 

of model inter-tester repeatability. An interclass 

correlation coefficient showed medium to strong (> 

0.7) inter-tester repeatability for both modelling 

methods in all three variables. A paired t-test 

showed that there were significant between-model 

differences in elbow F/E angle at UAH and BR. 

Although no significant differences in extension 

range were observed, differences in the discrete 

variables (UAH and BR) could lead to different 

clinical interpretations of the same data. A third 

method (inverse kinematics) is currently being 

investigated to determine if either the ANAT or 

FCAST methods are supported, however research 

investigating model accuracy to a ‘gold standard’ is 

needed before recommendations can be made. 

 

INTRODUCTION 

The upper limb is incredibly versatile, capable of 

moving effortlessly through large ranges of motion 

across multiple planes of movement. This is useful 

for overhead throwing/hitting sports, but 

cumbersome from a modelling perspective as it is 

difficult to accurately measure, quantify and define 

overhead kinematics [1,2]. In the context of cricket 

bowling, the ability to accurately estimate an 

athlete’s upper limb kinematics (elbow 

flexion/extension joint angles) is critical when 

assessing bowler legality allowable elbow 

extension threshold < 15°). The International 

Cricket Council currently support the use of three 

dimensional opto-reflective kinematic data capture 

with a direct kinematic (DK) modelling approach to 

assess a bowler’s legality. A DK modelling 

approach uses external kinematic markers placed on 

the skin of an athlete to estimate joint centers, upper 

limb segments, joint axes of rotation and in turn 

joint angles (i.e. elbow F/E) [3,4]. Consequently, 

different marker set configurations in the DK 

modelling approach may have a significant effect 

on kinematic outputs, and the downstream ruling 

concerning a bowler’s legality [5]. A number of 

marker set configurations exist [6-8], but there are 

two commonly used in the assessment of cricket 

bowler legality: an anatomical landmark based 

model and a cluster based model. For the purpose 

of this study there will be two investigations 1) the 

repeatability of both marker sets in calculating 

elbow F/E is to be investigated between-testers 

across two independent data collection sessions, 

and 2) the two methods will be directly compared 

to determine if differences exist in elbow F/E 

estimates.  

 

METHODS 

A dataset consisting of eight cricket bowlers of 

mixed characteristics (male/female; fast/spin 

bowler) and experience (local club, national or 

international) was collected. Each bowler 

completed two independent biomechanical testing 

sessions, with a different examiner for each. In each 

session the bowler had both an anatomical based 

marker set and a CAST [9] based marker set applied 

by the examiner. 

Anatomical Model (ANAT): two kinematic markers 

were placed over the skin of specific anatomical 

landmarks either side of the shoulder, elbow and 

wrist to estimate the joint centers as well as the F/E 

axes of the elbow and wrist. 

 

CAST/Functional model (FCAST): semi-rigid 

clusters of three kinematic markers were placed 

over the skin of the acromion, mid-humerus, distal 

posterior portion of the humerus and the distal 

posterior portion of the forearm. A regression 

equation was used to define the shoulder joint 

center [10]. A functional method was used to define 

the elbow joint center and the F/E axis [11]. 
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Kinematic markers placed on the skin of the radial 

and ulnar styloid processes were used to define 

wrist joint center and F/E axis.  

 

Bowlers were required to bowl four deliveries/trials 

of three variations/types (n=12). For fast/medium 

paced bowlers (>100km/h) delivery variations 

included good length, yorker and bouncer/short 

balls. For spin bowlers variations included off-

break, fast and doosra deliveries. All kinematic data 

was collected with a Vicon Mx system at 250 Hz.  

Both the ANAT and FCAST models were used to 

calculate elbow F/E angles for all bowling 

deliveries (n = 192). Elbow F/E at UAH, and BR, 

as well as extension range (peak elbow flexion 

minus peak elbow extension) was calculated using 

both models. 

Inter-tester (between session) repeatability of the 

ANAT and FCAST was determined using an intra-

class correlation (for each of the three elbow F/E 

variables). Cohen’s [12] recommendations were 

used to interpret the correlation: weak < 0.2, 

moderate ≈ 0.5, strong > 0.8. Between-model 

comparisons were made using matched pairs t-tests. 

 

RESULTS AND DISCUSSION 

Both ANAT and FCAST models were shown to 

have moderate (BR) to strong (range, UAH) (intra-

class correlation = 0.741 to 0.963) inter-tester 

repeatability (Figure 1). When compared, the 

models returned significantly different elbow F/E 

angles for UAH and BR (Figure 1). However, there 

were no significant differences when the elbow 

extension ranges were compared between models. 

The laws of cricket require elbow extension range 

to be less than 15o (excluding hyperextension) in 

order to be declared legal. Applied to this dataset, 

both models return the same ruling on legality for 

all participants. However if a future participant 

presented with hyperextension, the differences in 

discrete elbow F/E angles could result in the two 

models returning different legality rulings (Figure 

2).  

 The largest limitation of this study is the lack of a 

gold standard measurement, which limits the 

conclusions that can be drawn on which method 

provides more accurate elbow F/E angles. It is 

currently being investigated whether an inverse 

kinematic modelling approach produces results that 

support either ANAT or FCAST results. If inverse 

kinematic elbow F/E angles closely match either 

model it can be speculated that that model better 

represents elbow F/E during cricket bowling. 

 

 
CONCLUSION 

ANAT and FCAST kinematic models were both 

shown to be repeatable between two testers across 

two testing sessions. There were significant 

differences in the two method’s discrete elbow F/E 

angles (UAH, BR), however absolute elbow 

extension ranges showed no such differences. A 

third method under investigation, inverse 

kinematics, may support either ANAT or FCAST, 

however the lack of a gold standard measurement 

prevents any conclusions being drawn on which 

presented method best represents true elbow F/E. 
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ASSESSING THE ACCURACY OF INVERSE KINEMATICS IN OPENSIM TO 
ESTIMATE ELBOW FLEXION-EXTENSION DURING CRICKET BOWLING: 

MAINTAINING THE RIGID LINKED ASSUMPTION 
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Australia 

The aim of this study was to determine how maintaining the rigid-linked assumption and employing 
inverse kinematics within OpenSim (OpenSim-IK) influences a model’s estimates of elbow flexion-
extension (FE) during cricket bowling. To test this 1) estimates of elbow FE angles were calculated by 
OpenSim-IK and traditional models using markers attached to a mechanical linkage arm (both static 
and low velocity range of movement). 2) The same models were used to estimate elbow FE during 
cricket bowling. Under both static and low velocity dynamic conditions both models produced highly 
correlated elbow FE estimates (R2= 0.96 to 1.00). When comparing total elbow extension range 
between models, significant differences were not observed (p = 0.87 to 0.96) indicating that both 
models produce similar recommendations for bowler legality. 
 
KEY WORDS: upper body, kinematics, cricket, legality 

 
INTRODUCTION: In order for scientists to study human movement, subject-specific 
kinematic models are created to estimate the motion of the underlying skeletal system. There 
is a substantial amount of research examining the repeatability, reliability and validity of lower 
limb kinematic models (Della Croce, Cappozzo, Kerrigan, & Lucchetti, 1997; Reinschmidt, 
van den Bogert, Nigg, Lundberg, & Murphy, 1997; Leardini, Cappozzo, Catani, Toksvig-
Larsen, Petitto & Sforza, 1999; Besier, Sturnieks, Alderson & Lloyd, 2003). However, limited 
research is available assessing methods to estimate upper limb kinematics (Schmidt, 
Disselhorst-Klug, Silny & Rau, 1999; Rau, Disselhorst-Klug, & Schmidt, 2000). One widely 
used method to estimate upper limb motion during cricket bowling is the UWA upper body 
model (UWA-TK) (Elliott, Alderson & Denver, 2007). As with all biomechanical models, there 
is an assumption that all segments are rigidly linked and rigidly connected. However, it is 
unlikely that this assumption is maintained during high velocity sporting tasks like cricket 
bowling, where it is known soft tissue artefact has the potential to distort kinematic estimates 
(Leardini, Croce, & Cappozzo, 2005). The aim of this study was to use a rigid-linked skeletal 
model and inverse kinematics (IK) in OpenSim (OpenSim-IK) to determine how maintaining 
the rigid-linked assumption influences a model’s estimates of elbow flexion-extension (FE) 
during cricket bowling. A second aim was to determine if the rigid-linked assumption affects 
the assessment of bowler legality (i.e. allowable elbow extension range) as defined by the 
International Cricket Council (ICC). 
 
METHODS: There were two phases in this investigation: 1) direct estimates of elbow FE 
angles by both the OpenSim-IK and UWA-TK models using markers attached to a 
mechanical linkage arm and 2) estimates of dynamic elbow FE motion during cricket bowling 
using both the OpenSim-IK and UWA-TK models. 
The OpenSim rigid-linked skeletal model consisted of three segments (ulna, radius and 
humerus) and three degrees of freedom (elbow flexion/extension, elbow 
abduction/adduction, radio-ulnar pronation/supination). The UWA-TK model employs a 
traditional kinematic approach to calculate joint angles about these degrees of freedom. The 
OpenSim-IK skeletal model, which maintains the rigid linked assumption, uses IK to estimate 
joint angles (Delp, Anderson, Arnold, Loan, Habib & John, 2007).  
In the first phase of this study a mechanical linkage arm was used to compare elbow FE 
estimates between the UWA-TK and OpenSim-IK models in both static postures and low 
velocity dynamic range of motion conditions. The elbow flexion angles tested (-8°, 0°, 5°, 10°, 
20°, 40°) were representative of static elbow angle joint combinations commonly found in 
elite cricket bowlers (Elliott et al., 2007).  Each elbow FE angle was tested across three elbow 
abduction conditions (0°, 10° and 20°) (Table 1). The dynamic trials involved manually moving 
the mechanical linkage through an FE range of motion typical of bowlers (-8° to 90°). A 
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Pearson’s correlation was used to compare elbow FE estimates between the OpenSim-IK 
and UWA-TK models. 
In the second phase of this study, elbow FE of three fast bowlers were measured during 
cricket bowling using the OpenSim-IK and UWA-TK models. The bowlers were tested as per 
the ICC illegal bowling action testing protocols: Elbow extension range was calculated 
between two discrete events (maximum flexion to maximum extension, occurring between 
upper arm horizontal and ball release), and compared between the two models using a one-
way ANOVA (α = 0.05). The orientation of the shoulder joint centres (SJC) and lengths of the 
humerus were also compared between the OpenSim-IK and UWA-TK models from one 
randomly selected bowling trial.  
 
RESULTS: When using the mechanical linkage arm, only one trial (40° flexed/20° abducted) 
of the 18 static postural combinations returned a between model difference greater than 1°. 
For the three elbow abduction conditions (0°, 10° and 20°), the maximum difference in elbow 
FE estimates between the OpenSim-IK and UWA-TK were 0.09°, 0.4° and 1.5° respectively 
(Table 1). The low velocity dynamic range of motion comparisons between the UWA-TK and 
OpenSim-IK models returned correlations of 1.00 for each elbow abduction condition (Figure 
1). 
 

Table 1 
Differences in elbow FE angle between the UWA-TK and OpenSim-IK models across three 

elbow abduction conditions using the mechanical linkage. All values are in degrees. Negative 
elbow FE angles represent hyperextension. 

UWA-TK Elbow 

Angle (°) 

0° Elbow Abduction 10° Elbow Abduction 20° Elbow Abduction 

OpenSim Difference OpenSim Difference OpenSim Difference 

-8°  -8.06 0.06 -7.64 -0.36 -7.05 -0.95 

0°  -0.06 0.06 0.23 -0.23 0.55 -0.55 

5°  4.93 0.07 5.23 -0.23 5.69 -0.69 

10°  9.94 0.06 10.16 -0.16 10.44 -0.44 

20°  19.95 0.05 20.01 -0.01 20.156 -0.16 

40°  39.91 0.09 39.60 0.40 38.67 1.33 

Total RMS   0.063  0.266  0.727 

 

Figure 1: Comparison of dynamic, low velocity ROM elbow FE estimates calculated using the 
UWA-TK model and OpenSim-IK models across all three elbow abduction conditions. 
 

When elbow FE estimates were compared during cricket bowling trials, the UWA-TK and 
OpenSim-IK models were not correlated (R2 as low as 0.19).  However, when extension 
range (as per ICC guidelines) was compared between the UWA-TK and OpenSim-IK models 
no significant differences were observed (p = 0.87 to 0.96) and were less than 1° (Table 2). 
 

Table 2 
Comparison of elbow FE from 3 bowling trials for each of the three cricket fast bowlers (A, B 
and C). Elbow FE waveforms calculated using the UWA-TK and OpenSim-IK models for each 

fast bowler were compared using a Pearson correlation (R2).  Elbow extension ranges 
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calculated between the UWA-TK and OpenSim-IK models were compared using a one-way 
ANOVA (α = 0.05).  Mean differences in extension range were also presented. 

Bowler Elbow FE Correlations (R2) 

Elbow Extension Range (ICC Guidelines) 

UWA-TK 
OpenSim-

IK  
Difference p 

A 0.98 5.99° 6.24° 0.25° 0.87 

B 0.24 1.58° 1.51° 0.07° 0.96 

C 0.99 2.78° 2.68° 0.10° 0.93 

 
From a randomly selected bowling trial it was observed estimates of SJC position in the global 
coordinate system between the UWA-TK and OpenSim-IK models varied by up to 7 cm. 
During the bowling trial, humerus length calculated by the UWA-TK model fluctuated by up 
to 2.63 cm (8.13%) in length relative to the rigid-linked OpenSim-IK model. 
 

Table 3 
Difference in the SJC position between the UWA-TK and OpenSim-IK models from a single 

randomly selected trial. Humerus length as calculated by the UWA-TK model and the relative 
difference to the OpenSim-IK were also reported. Pre-upper arm horizontal (Pre-UAH) refers 
to the point just prior to upper arm horizontal when the arm is in a similar position to that in 
the calibration trial (arm at roughly 45° to the ground), ‘Mid’ refers to the middle time point 

between UAH and BR during each trial. All values are reported in cm unless otherwise stated. 

Event 
SJC Separation  

Distance 

UWA-TK model  
Humerus Length 

*Difference to OpenSim  
Humerus Length 

Pre-UAH 0.86 33.64 1.30 (4.02%) 

UAH 2.18 34.17 1.83 (5.66%) 

Mid 3.10 34.97 2.63 (8.13%) 

BR 7.03 34.25 1.91 (5.91%) 

*Note: Humerus length from subject scaling was 32.34 cm. This was maintained across all 
events during then OpenSim-IK modelling process. 

 
DISCUSSION: Results showed that during both the static and low velocity range of motion 
conditions, estimates of elbow FE between the UWA-TK and OpenSim-IK models were 
perfectly correlated. 
When the UWA-TK and OpenSim-IK models were compared in dynamic bowling conditions, 
significant differences in elbow FE estimates were observed. Participants A and C 
demonstrated similar elbow FE estimates (R2= 0.98 and 0.99 respectively) while estimates 
of FE for participant B were not similar (R2= 0.19 to 0.33) (Table 2).This in part can be 
explained by the differences in SJC and humerus length estimates observed between the 
model’s during the bowling trials. SJC position differed by up to 7 cm and humeral length 
differences were up to 2.63 cm (8.13%). These results show that when the rigid-linked 
assumption is not maintained during the UWA-TK modelling approach and influences model’s 
estimates of elbow FE. Another possible explanation for these differences and a limitation for 
both modelling approaches is that scapular motion was not modelled and may have also 
influenced both models estimates of SJC position and/or humeral length. As only three 
participants were analysed in this investigation, it is apparent future research is required, 
incorporating larger sample sizes and more complex models to investigate whether IK and 
OpenSim is a more reliable modelling approach to estimated elbow FE during cricket bowling. 
However results also showed that the elbow extension ranges calculated by each model 
when implementing ICC guidelines were not significantly different (p = 0.87 to 0.96) and less 
than 1° (Table 2). These results show that both the UWA-TK and OpenSim-IK modelling 
approaches produced the same recommendation (i.e. legal or illegal) for all three bowlers 
tested using the ICC guidelines, despite the fact that between model elbow FE waveforms 
were not correlated across all three bowlers.   
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CONCLUSION: Testing using the mechanical linkage arm indicated that there is little to no 
difference in elbow FE estimates between the UWA-TK and OpenSim-IK models during static 
and low velocity range of motion tasks. 
When real bowlers were tested using the ICC illegal bowling action testing protocol, 
differences in elbow FE estimates were observed between models. These differences were 
likely due to the UWA-TK model not maintaining the rigid-linked assumption during high 
velocity bowling trials. However, elbow FE range calculated by each model were very similar 
for all participants suggesting that under the ICC illegal bowling action testing protocol, both 
models would likely produce the same recommendation concerning bowler legality. 
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An examination of ball release determination methods in cricket bowling and its 

influence on bowling legality 
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Phase one of this study determined the accuracy and repeatability of three ball release (BR) methods: 
high speed video, 3D retro-reflective data and a statistical method (Dunnett Pairwise comparison). The 
high speed video method (mean assessor difference = 0.2 frames) was found to be the most accurate 
and repeatable (between testers) for both spin and fast bowling. Phase two evaluated how an error in 
estimating BR can affect elbow extension range measurements during the bowling action and 
subsequent ruling on the bowler’s legality. The elbow extension range difference found one or two 
frames prior to BRtrue had minimal effect on the elbow extension range, however if BR was estimated 
three (-6.3±4.1°), four (-9.1±5.1°) or five (-13.7±6.1°) frames prior to BRtrue, large effects on elbow 
extension range estimates that tended to favour the bowler were observed. 

KEY WORDS: Elbow extension, “Chucking”, International Cricket Council, upper limb kinematics, 
Dunnett pairwise comparison 

INTRODUCTION: Until 2002, law 24.3 of the International Cricket Council (ICC) imposed a 
zero tolerance to any extension at the elbow during a bowling delivery. Technological 
advancements in motion capture and kinematic modelling have since allowed a number of 
studies to show that zero degrees of elbow extension during the bowling delivery is not 
realistic or for many athletes even possible. Portus et al. (2007) tested 21 fast bowlers under 
match conditions and found that in 41% of the deliveries analysed, elbow extension between 
upper arm horizontal (UAH) and ball release (BR) was in excess of 10°. Following 
recommendations from this and other studies, the ICC amended their definition of a legal 
bowling delivery to the current law allowing up to 15° of elbow extension from the point of 
UAH to BR irrespective of bowler delivery type (fast, medium or spin)(Elliott e al., 2006; 
International Cricket Council, 2013). 
While a significant amount of research in the field of biomechanics has been devoted to 
improving the kinematic modelling methods used to attain accurate and repeatable elbow 
flexion-extension angle measurements (Della Croce et al., 2005; Leardini et al., 2005; Elliott 
and Alderson, 2007 Eftaxiopoulou et al., 2013), the subjective definition of BR within the 
bowling delivery has received little attention. As BR is used to define the phase of the bowling 
delivery being assessed under law 24.3, it is reasonable to assume that an incorrect definition 
of BR can lead to inconsistent recommendations on bowler disqualification between 
assessors and/or laboratories. The ICC acknowledges this, stating “any difference in 
identifying BR, even by just one frame has the capacity to alter the resulting elbow extension 
range by up to three or four degrees”(International Cricket Council, 2013), yet there is no 
empirical research to support such a statement. If this statement is correct, any inaccuracies 
in defining BR may lead to incorrect elbow extension range estimates and in turn false 
positive or false negative legality findings. The accuracy and the downstream effect of 
misidentifying BR with current methods (high speed video assessment and interpretation of 
opto-reflective marker data) is relatively unknown. One possible solution to this problem is 
the application of an objective, quantitative statistical model, such as that proposed by 
Donnelly and colleagues (2009). This method employed Dunnett pairwise statistical method 
to estimate when a ball had left the hand (Dunnett, 1955). The purpose of this paper is to 
identify the repeatability and accuracy of two subjective and one quantitative methods of 
determining BR and the effect this error may have on estimates of elbow extension during 
the bowling delivery. 
 
METHODS: This study comprised of two phases. This first phase aimed to determine the 
accuracy and repeatability associated with two subjective and one quantitative methods of 
estimating BR during cricket bowling. The second phase investigated the influence errors in 
estimating the time of BR can have on elbow extension range measures during the bowling 
delivery and in turn recommendations on bowler legality.  
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Phase 1 Data Collection: Five amateur level cricket bowlers (22 ± 1 years, 179 ± 7cm, 81.5 
± 8.5kg) of varying bowling types (two Pace, two off spin and 1 leg spin) participated in phase 
1. Each participant was injury free at the time of testing and underwent the same testing 
protocol. Ten Vicon T40 series (VICON Peak, Oxford Metrics Ltd., UK) infrared opto-reflective 
cameras were placed around a marked bowling crease to capture the appropriate volume. 
Two Vicon Bonita high speed video cameras were positioned on opposing sides of the 
volume in the sagittal plane. The 3D opto-reflective and high speed video motion capture 
data was fully synchronised and captured at 250 Hz. A University of Western Australia upper 
body marker set (as per Reid et al., 2010) was applied to each participant. As per the standard 
ICC testing procedures, three customised retro-reflective markers were placed on the cricket 
ball and three on each participants hand in locations that did not impair the technique of the 
bowler. The participant was asked to perform a typical pre-match warm up and then perform 
12 of their preferred match type deliveries (medium/fast pace or spin) (ntotal = 5participants x 
12deliveries = 60). 
Phase 1 Data Processing and Analysis: Captured retro-reflective marker data from all 
deliveries was cleaned, labelled and filtered (digital Butterworth low pass filter at 21 Hz) using 
Vicon Nexus software version 1.8.5. Data was modelled using the custom UWA upper body 
models to obtain the UAH measure and elbow flexion/extension angle measures (Elliott et 
al., 2006; Campbell et al., 2008; Chin, 2009). The event UAH was calculated when the long 
axis (Y-axis) of the arm was parallel to the laboratories global horizontal (X-axis). This frame 
defined the initiation of the delivery phase. BR was then estimated using three methods. 
Sagittal plane high speed video (subjective method 1); Reconstructed 3D retro-reflective 
marker position data from the ball and hand segments within the Vicon Nexus 3D software 
workspace (no synchronised video is used in this analysis as is the case in most laboratories) 
(subjective method 2); The Dunnett pairwise comparison statistical method compared the 
distance from the origin of the ball (calculated as the mean position of the markers positioned 
on the ball) to the origin of the hand segment (calculated as the midpoint of the two markers 
positioned on the dorsal surface of the hand). The mean distance between the ball origin and 
hand origin for the first five frames following UAH was used as the reference position. From 
the following frame, each frame in the time series (xj) was coupled with the frame following it 
(xj+1) – e.g. data couple 1 = (x1+x2); data couple 2 = (x2+x3); etc. Coupled data points were 
used in the Dunnett pairwise comparison statistical method for comparison against the 
reference position (Dunnett, 1955). BR was obtained when a coupled data set was 
statistically different from the reference ball position (99% confidence interval). The first frame 
of the data couple (xj) was designated the frame at which BR occurred (quantitative method 
1) 
For the subjective methods (high speed video and 3D retro-reflective marker assessment) 
BR was estimated by two investigators to determine inter-tester repeatability through Bland-
Altman plots (Bland & Altman, 1986) and Limits of Agreement (LoA) analysis. 
Phase 2 Data Collection: Five international level cricket bowlers of varying bowling types 
(two pace, two off-spin, one leg-spin) participated in the phase 2. Twenty-two Vicon MX and 
T40 series infrared opto-reflective cameras were used to record kinematic marker data. 
Marker set and trial protocol were as per phase 1 (ntotal = 5participants x 12deliveries = 60) 
Phase 2 Data Processing and Analysis: Captured retro-reflective marker data was 
prepared and filtered using a digital Butterworth 4th order recursive filter with a cut off 
frequency of 21 Hz. The UAH and elbow flexion/extension angles were again output. The BR 
event was sequentially moved to five frames prior to the original BR estimate frame, and then 
five frames following the original BR estimate frame (giving 11 variable: BR-5, BR-4, BR-3, BR-

2, BR-1, BRtrue, BR+1, BR+2, BR+3, BR+4, BR+5). Elbow angle extension ranges were then 
calculated from UAH to each BR variation. 
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RESULTS AND DISCUSSION: Phase 
One: a) For the high speed 2D video 
method a mean inter-tester BR 
identification difference of 0.2 frames 
was found with a LoA of ± 0.9 frames. 
Of the three methods tested, high speed 
video was the most consistent and 
repeatable. It is suspected the inter-
tester repeatability could be further 
improved by providing simple 
operational definition of BR (e.g. BR 
should be considered the frame there is 
clear space between the fingertips and 
the ball).  
b) BR frame identification using the 3D 
stereoscopic data revealed a mean 
inter-tester difference of -0.4 frames 
(LoA ± 2.8 frames). Inter-tester BR 
frame identification difference ranged from -4 to 2 frames (the reference frame is the high 
speed video BR frame). The large variability can be explained by the degree of ambiguity in 
what is characteristic of BR with this method. Specifically, the kinematic marker data 
positioned on the hand segment and ball does not provide any information associated with 
the physical boundaries of the finger tips and surface of the ball. The complexities of a bowling 
grip and differing release points in the hand further compound these issues.  
c) The Dunnett pairwise comparison statistical method predicted BR frame estimations much 
earlier than the high speed video method. Mean differences in BR were -4.9 frames (LoA ± 
3.3 frames) and a difference range from -2 to -8 frames (figure 1). Spin bowlers (n = 3) were 
found to induce greater inter-tester differences (mean difference -5.4 frames, LoA ± 2.9 
frames, range -2 to -8 frames) than pace bowlers (n = 2)(mean difference -3.1 frames, LoA ± 
1.4 frames, range -2 to -4.5 frames). In general, it was found this method did not produce 
estimations of BR frames that would be considered as viable for a bowling legality 
assessment. The complex and multi-faceted nature of various bowling types makes 
standardising a statistical method by which to determine the frame of BR very difficult.  

Phase Two: The investigation 
into the effect of incorrectly 
identify BR utilised an existing 
ICC data set (collected at the 
Australian Institute of Sport, 
Canberra, Australia (2009)). The 
interpretation of this dataset is 
based on the current ICC law 
regarding illegal bowling actions 
(legal: elbow extension < 15°; 
illegal: elbow extension > 15°). 
Four of the five participants 
(participants 1, 2, 3 and 5) would 
be considered illegal.  
When BR was redefined five 
frames prior to and following the 
video BR frame, variations in 
elbow extension ranges were as 
large as 13.7° (Figure 2). As 
might be expected, the variation 
in elbow extension range was 

amplified the further away in time BR was redefined 
(relative to the video BR): BR-1 = -1.1° (±1.2°); BR-2 = -2.4° (±2.7°); BR-3 = -6.3° (±4.1°); BR-4 
= -9.1° (±5.1°); BR-5 = -13.7° (±6.1°). The impact incorrect BR identification can have is best 

1 

3 

5 

2 

4 

Figure 2: The effect of BR frame 
misidentification on elbow 
extension range and its effect on 
bowler legality for participants 
one to five. The legal elbow 
extension range limit of 15° is 
represented by the red baseline. 

Figure 1: Modified Bland-Altman Plot of BR frame 
identification from the Dunnett pairwise comparison 
method. BRtrue (zero) is taken from high speed video. The 
mean is represented by the grey dotted line and the Limit 
of Agreements by the black dotted lines. 
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illustrated in participant two where a BR estimation four frames earlier (BR-4) would result in 
a different legality ruling (BRtrue: illegal; BR-4: legal). In four of the five bowlers analysed there 
was no change in extension range if BR was estimated up to five frames later than BRtrue. 
This means later estimation of BR does not change legality rulings on actions in any of the 
five athletes investigated, whereas estimating earlier did. Peak extension coinciding with BR 
makes functional sense as this will maximise release velocity (linear velocity = angular 
velocity * radius). Participant five did consistently demonstrate some elbow extension after 
BRtrue, however in this instance it does not affect the ruling on legality of the action as the 15° 
threshold is exceeded well before BRtrue. Although the high speed method was found to be 
the most reliable method of measurement, it is still limited to a 2D plane. Future studies 
should look to increase the number of cameras or investigate more optimal camera 
placement. A maximum frame rate greater than 250 Hz and an increased shutter speed will 
improve the accuracy of BR estimates. Despite attempts to recreate a match like setting, 
testing was completed inside a laboratory which may limit the ecological validity of the study.  
 
CONCLUSION: The most repeatable and reliable method for estimating BR during cricket 
bowling is high speed video (250 Hz). As a maximum difference of one frame was made 
using the high speed video method, it was shown that this can produce approximately one 
degree of variation in the resulting elbow extension range. This marginal difference is 
expected to err in the favour of the bowler and is unlikely to result in a player’s wrongful 
suspension. The 3D opto-reflective data and Dunnet pairwise comparison statistical methods 
were both shown to be unreliable. Misidentification of BR during a bowling delivery can 
change the ruling of bowler’s legality as per ICC law 24.3. Further work needs to be done to 
find a quantitative method for determining BR. Until such a time, it is recommended high 
speed video capturing at minimum 250 Hz remains the benchmark method of identifying BR. 
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The scaling of rigid-linked skeletal models is an important consideration for researchers looking to 
calculate joint angles via inverse kinematics (IK). It has been suggested (Dunne et al., 2013) that 
registering marker positions with known kinematics during scaling can improve the accuracy of IK 
derived lower limb joint angles during gait. The purpose of this manuscript was to determine if 
registering marker positions with known joint kinematics can improve the accuracy and reliability of 
time varying IK derived elbow flexion/extension (FE) estimates during cricket bowling. Registering 
marker positions and joint kinematics (MKR) resulted in improved accuracy than marker positions only 
(MR) (RMSE = 8.9° v 25.1°) when compared with known DK derived elbow angles. The inter-tester 
reliability of MKR model elbow extension range was also superior (ICC = 0.626 v 0.318). 

KEY WORDS: cricket, statistical parametric mapping, accuracy, reliability. 
 
INTRODUCTION: Inverse Kinematic (IK) analysis estimates participant joint angles by way 
of a rigid-link model and a least-squares minimisation between participant experimental 
markers and model markers. To mitigate the influence of soft-tissue artefact (STA), this 
method has been proposed as an alternative to the more common Direct Kinematic (DK) 
method (Lu et al., 1999), where joint centre locations and segments defined each frame by 
recorded kinematic marker positions. With no joint constraints, DK solutions result in apparent 
segment length fluctuation. 
For IK joint angles to match the participant’s movement, (i) model geometry must match the 
participant anthropometry (matching segment lengths) and (ii) model marker locations must 
match the experimental marker locations on the participant. What may not be apparent is that 
errors in initial model marker placement can result in downstream non-linear offsets in joint 
angle calculation. Therefore, appropriate mapping of model markers to match the 
experimental marker locations on the participant must be taken into account when performing 
IK analysis. The mapping of marker locations from the participant to the model is known as 
marker registration. 
Dunne et al (2013) showed that typical user based registration methods resulted in decreased 
accuracy and reliability of joint angle estimates. By performing gait analysis on a robot, the 
authors were able to quantify registration based errors and evaluate a method for improving 
registration. The proposed method used known joint angles from a static trial to pose the 
model, and then relocated model markers to match the experimental marker positions from 
the same static trial. Though this registration approach yielded encouraging results, it is yet 
to be determined if it can be applied in human modelling to improve IK accuracy and reliability. 
The primary aim of this study was to determine if marker registration with known kinematics 
improves the accuracy and reliability of elbow flexion/extension (FE) kinematics during cricket 
bowling (compared with registering marker position only). Accurate and reliable 
representation of joint angles during cricket bowling is of particular importance due the 
ramifications modelling errors may have on a player’s career. A secondary aim was to 
determine if Root Mean Square Error (RMSE) between model marker and experimental 
participant marker positions is appropriate for the assessment of IK solutions for cricket 
bowling. 
 
METHODS: A single right armed bowler (1.85 m, 70 kg) was randomly selected from a pre-
existing motion capture dataset of international level cricket bowlers. The data consisted of 
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two experimental data recording sessions, collected by two independent investigators. During 
each session a single static trial and 12 dynamic cricket bowling trials were collected. The 
UWA upper limb kinematic marker set was applied (Campbell et al., 2009). 
DK variables were calculated using Vicon Nexus (V1.8) software: joint centres and joint 
angles were calculated (Campbell et al., 2009) for all static and dynamic bowling trials. For 
this study, DK derived joint angles were considered the ‘gold standard’ in order to provide a 
measure of accuracy. It is acknowledged that DK is not a true gold standard measure, 
however it is currently the best form of motion capture for recording such large dynamic 
movements. 
OpenSim 3.2 (Delp et al., 2007) was used to modify the Holzbaur Upper Limb Model 
(Holzbaur et al, 2005) and perform the IK analysis. The model was reduced to three segments 
(humerus, ulna, radius), two joints (elbow, radioulnar) and three degrees of freedom (elbow 
FE, elbow abduction/adduction, radioulnar pronation/supination). Model geometry was 
scaled according to participant joint centres calculated from the static trial using the DK 
approach (segment lengths adjusted). Two copies of the (now scaled) model were created 
(i) a version whereby the model markers were adjusted using the internal methods of 
OpenSim (registering marker positions only: MR) and (ii) a version where the model static 
joint angles were set to match those calculated using DK, then model markers were moved 
to match experimental marker locations (registering marker positions with known kinematics: 
MKR) (Dunne et al., 2013). After the final scaling process the assumed elbow joint angles 
were recorded. 
IK was performed on all dynamic bowling trials using both MR and MKR models. Time varying 
elbow FE angles were output for each delivery between upper arm horizontal and ball 
release. Following IK, the mean RMSE between the model and experimental marker 
locations was reported by OpenSim and recorded for both models (RMSEMARKER). 
Time varying elbow FE waveforms were compared using RMSEWAVEFORM and one 
dimensional statistical parametric mapping (SPM1D) (Pataky et al., 2013) for: 1a) MR inter-
tester repeatability, 1b) MKR inter-tester repeatability, 2a) MR accuracy (MR vs. DK), 2b) 
MKR accuracy (MKR vs. DK). Intra-class correlation (ICC) was calculated to compare elbow 
extension range (maximum elbow flexion minus minimum elbow flexion) between testers as 
a measure of each model’s reliability. 
RESULTS: The elbow angles estimates by MR during the scaling process were noticeably 
different from the DK joint angle estimates in both testing sessions (Table 1). MKR elbow 
angles, defined by the DK calculated elbow angles, remained unchanged. 
MKR inter-tester repeatability was affected by an offset in flexion values, but does 
demonstrate a similar waveform pattern (SPM1D: 95% of delivery phase significantly 
different; RMSEWAVEFORM: 8.90°). MR inter-session repeatability is heavily affected by large 
variation in session two (SPM1D: 100% delivery phase significantly different; RMSEWAVEFORM: 
25.13°). 
Both models returned differences in time varying elbow FE angle when compared with the 
DK derived estimates (Figure 2). The RMSEWAVEFORM DK vs MKR model was much more 
comparable than the DK vs MR model (4.93°, 30.37°). Inter-tester reliability (Table 2) for MKR 
and DK modelling approaches were both moderate-high, while MR returned low inter-tester 
reliability. Both the MR and MKR models had similar average RMSEMARKER differences 
reported after IK was performed (0.022 m and 0.025 m respectively). 

Figure 1: Representation of 

workflow for the proposed 

comparison study. 
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DISCUSSION: The aim of this 
study was to investigate whether 
registering marker positions with 
known kinematics improves the 
accuracy and reliability of IK 
calculations of elbow FE during 
cricket bowling. The combination 
did improve both the reliability 
and accuracy of IK solutions 
when compared with registering 
only marker positions, however 
differences did present when 
compared with traditional DK 
results. 
Following the scaling process the 
MR model estimated the elbow 
as being hyperextended, 
whereas the DK derived angle 
estimates (and in turn MKR 
model estimates) had the elbow 
flexed. These initial differences in 
elbow FE estimates during the 
scaling process highlights that 
multiple kinematic solutions are 
possible during model marker 
registration. It appears that when 
initial model pose is not defined during the scaling process (MR), the global optimisation 
algorithm can choose any combination of joint angle permutations (within model constraints) 
(increase kinematic variability), with all variations fitting the model to the experimental data 
equally well. It is only when the initial model kinematics is defined that the model markers 
assume positions that more accurately represent experimental marker positions (reduced 
kinematic variability).  
Assessment of the time varying elbow FE angles showed that when registering marker 
positions only (MR), the inter-tester repeatability was poor. This was in part due to the large 
inter-trial variability observed within each testing session, which was associated with the 
optimisation criterion used during IK. The optimisation is designed to minimise the error 
between the model’s virtual marker positions and the experimental marker positions, with no 
consideration to the joint positions.  
The DK calculated static elbow angles from both sessions show the static pose is highly 
repeatable, but as seen with the MR model, the variability in marker placement between 
testers may lead to different optimisation results and kinematic solutions (Table 1). An initial 
offset between the model marker positions and corresponding joint angles during scaling 
(seen in the MR model) likely contributed to the high inter-trial kinematic variability and the 
low inter-tester repeatability. Given that with no pose definition the MR model assumed 
different elbow joint angles for each session during scaling, it is reasonable to assume that 

Table 1: Static joint angles post- scaling  

  Elbow Angle (°) 

  Flexion Abduction 

1 
MR -9.3 20.0 

MKR (DK) 5.7 21.2 

2 
MR -15.8 12.6 

MKR (DK) 5.1 19.3 

 

Table 2: Elbow extension range (EER) averages (and 
standard deviations) and ICC for inter-tester reliability 

EER Session 1 Session 2 ICC 

MR 30.2° (± 2.9) 29.7° (± 18.3) 0.318 

MKR 33.1° (± 3.7) 37.4° (± 3.8) 0.626 

DK 37.1° (± 4.6) 38.4° (± 6.7) 0.629 

 

RMSE: 4.93° 

RMSE: 30.37° 

U 

Figure 2: Accuracy measure - MR (top) and MKR (bottom) 
compared to the DK solution. Left graphs are ensembal 
averages from all trials (RMSEWAVEFORM inset); right is the SPM1D 
analysis, where any t statistic (black line) greater than the 
critical t-threshold (dotted line) indicates a significant 
difference (p value inset) between the two methods. 
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these initial differences lead to differences in IK solutions and resultant low inter-tester 
repeatability.  
The inter-trial variability and inter-tester kinematic reliability of the MKR model improved 
substantially when compared with the MK model. During marker registration the MKR model 
markers and MR model markers both assume the same position in the global co-ordinate 
system, matching the experimental marker positions from the static trial. However, the 
location of each model marker within the anatomical co-ordinate system of the associated 
segment of each model is vastly improved when also registering with known kinematics. It is 
intuitive that, given the model markers are being moved to fit experimental marker positions 
from a static trial, the segment orientations/joint kinematics should also match the static trial, 
allowing for more anatomically accurate recreation of experimental marker positions within 
the model’s anatomical co-ordinate systems. Despite this increase in anatomical relevance, 
SPM1D analysis showed that differences between testers, and with respect to DK results still 
exist. Future research is therefore recommended to improve the repeatability of IK derived 
upper limb kinematic solutions.  
Interestingly, average RMSEMARKER differences between the model markers and experimental 
marker positions were almost identical whether using the MKR or MR model. This shows that 
RMSEMARKER should only be used to assess how well the model has fit the experimental data, 
and not to verify or validate a model’s IK derived joint kinematic estimates. 
As with all case studies, this study was limited as a single participant performed a single 
overhead movement (i.e. cricket bowling). Additionally, the use of DK derived elbow FE 
angles during the bowling action as a ‘gold standard‘ to assess model accuracy was not ideal, 
but is the best method currently available. Nevertheless, this research shows that registering 
marker positions with known kinematics does improve the IK derived kinematics for cricket 
bowling. If proven repeatable, the MKR approach could be utilised as an alternative measure 
in the case of a bowler legality dispute, providing a secondary solution. 
 
CONCLUSION: Registering marker position with known kinematics increases both the 
reliability and accuracy of IK derived elbow FE estimates during cricket bowling. For sport 
biomechanists considering which kinematic approach to use, we have shown that using IK to 
calculate elbow FE during cricket bowling is a viable option to DK - however, consideration 
needs to be taken during model scaling to ensure the most accurate and reliable results are 
obtained. Importantly, this includes defining initial elbow kinematics during marker 
registration. RMSE differences between model and experimental marker positions is not an 
appropriate assessment of IK derived joint kinematic estimates. 
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Non-optical wearable sensors such as magnetic and inertial measurement units (MIMUs) are gaining 
popularity in sport and clinical settings owing to their ease of application, relative affordability and 
potential for improved ecological validity. We propose a method for the standardised reference 
calibration of a simple two-sensor MIMU system for the estimation of anatomically meaningful elbow 
kinematics. The participant poses with the elbow at 90° flexion and neutral (0°) pronation, allowing for 
the relative orientation of the MIMU on the forearm to be determined with reference to the MIMU 
located on the arm. Comparisons were with traditional kinematic marker method results. Root mean 
squared errors of less than 1° in flex/ext and < 2° (pro/sup) found in simple movements. Results with 
simple movements provide rationale to expand research to complex movements. 

KEY WORDS: inertial sensor, elbow, kinematics, standardisation. 
 
INTRODUCTION: A number of studies have utilised multiple-sensor (accelerometer, 
gyroscope, magnetometer) information to collect data in sports such as cricket (Wixted and 
Portus, 2011) and golf (King et al., 2008); and in gait (Little et al., 2013), posture (Bonnet et 
al., 2012) and occupational settings (Zhou et al., 2008). While these studies have highlighted 
the efficacy in the adopting of multiple-sensor systems, there remains an overriding limitation 
pertaining to the determination of standardised and anatomically referenced kinematic 
outputs, serving to limit their applicability in research designs involving test-retest and 
between subject comparisons. 
Such limitations can be addressed by devising a standardised calibration procedure that, in 
effect, provides a surrogate representation of segment based anatomical coordinate systems 
similar to those generated using traditional optically based three dimensional (3D) marker 
based modelling approaches. This has been attempted by previous researchers who have 
employed purpose built calibration devices (Picerno et al., 2008); an optimisation approach 
(Zhou et al., 2008); and several variants of a technique involving the arms hanging beside 
the body - assuming that the arms will hang parallel to the gravity vector such that it coincides 
with the long axis of the segment (de Vries et al., 2010, Galinski and Dehez, 2012). Although 
promising, the above approaches rely on the imprecise definition of initial sensor unit 
orientation to a segment’s anatomical axis. Subsequently a calibration methodology that 
defines, references and stores the orientation of the sensor unit relative to its associated rigid 
anatomical segment (e.g. arm, forearm) is required to obtain standardised repeatable and 
anatomically meaningful joint kinematic descriptions. 
In this study we propose an easily administered field based calibration protocol capable of 
estimating standardised elbow joint angles using a simple two sensor unit system.  
 
METHODS: The methodology below was tested on a) a non-ferrous mechanical linkage 
representative of a human arm, and b) a single human participant (25 year old male, 178 cm, 
82 kg). 
Two magnetic and inertial measuring unit (MIMU) sensors (Xsens MTW) sampling at 75 Hz 
were mounted on the distal lateral upper arm and the distal posterior forearm (Figure 1). Each 
sensor also comprised of a triad of reflective kinematic markers rigidly attached for validation 
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purposes Marker data was tracked and captured at 100 Hz 
using a 12 camera (MX and T-series) Vicon system. Both 
motion capture systems were synchronised to initiate data 
capture on a single signal such that all trials consisted of dual 
captured data from both systems. For the purposes of this 
paper, the MIMU methodology will be referred to as MIMU, 
whilst the stereo-photogrammetric, traditional kinematic marker 
approach will be referred to as Marker. 
The calibration procedure was the same for both the 
mechanical linkage and the participant and consisted of a 
single static trial (arm horizontal, forearm vertical, relative elbow 
angle 90° flexion, 0° pronation); and two functional trials (1. 
elbow flexion/extension (FE): arm horizontal, forearm flexed 
and extended through a comfortable range of motion repeated 
five times; and 2. elbow pronation/supination (PS): arm 
horizontal, forearm flexed to 90°, forearm moved through a 
comfortable range avoiding the extreme ends of motion, again 
repeated five times). A non-ferromagnetic tripod was 
customised to aid in support and positioning of the arm and forearm in the required calibration 
poses. 
The Mechanical Linkage was manually manoeuvred through three trials: pure FE, pure PS 
and combination of FE and PS. The Human Participant completed only pure FE and pure PS 
trials.  
Marker method: data was processed and labelled using Vicon Nexus software (V1.8). 
Functional axes were calculated from the corresponding calibration trials and stored in the 
relative local co-ordinate system.  
MIMU method: data was processed by the native Xsens (MT Manager V4.2) software (via 
inbuilt sensor fusion algorithms) to output each sensor’s orientation and angular rate of turn 
data. The individual sensor unit relative orientations were calculated in the static trial position. 
The elbow joint was modelled as a two degree of freedom (DoF) joint. The direction of the 
elbow FE axis was determined with respect to the arm MIMU, whereas the direction of the 
pronation/supination PS axis was determined with respect to the forearm MIMU (Luinge and 
Veltink, 2005). 
Elbow angles for both methodologies were obtained by decomposing the relative orientation 
of the MIMUs attached to the arm and forearm into two rotations about the FE and PS axes.  
Comparison of MIMU derived time-varying waveforms with Marker waveforms was performed 
using a) root mean square error (RMSE), for each DoF for each trial, and b) statistical 
parametric mapping (Pataky et al., 2013) to compare all MIMU waveforms to all Marker 
waveforms, across each DoF. 
 
RESULTS: For both the Mechanical Linkage and the Human Participant session trials, the 
FE joint angle displayed average RMSE values of < 1° across the two isolated movement 
studies (Table 1). PS angle output comparisons returned a maximum between 1.6° ± 1.5° for 
the same trials. The Combination Movement had in general a higher RMSE, with FE angle 

(1.7° ± 2.3°) again demonstrating less between system variance than the PS angle data (3.6° 

Table 1: RMSE ± SD comparing derived elbow angles using Marker and MIMU datasets across the 
Mechanical Linkage and Human Participant conditions. (°) 

Movement Flexion/Extension Pronation/Supination Combination Movement 

DoF Flex/Ext (°) Pro/Sup (°) Flex/Ext (°) Pro/Sup (°) Flex/Ext (°) Pro/Sup (°) 

Mechanical 

Linkage 
0.5 ± 0.4 1.71 ± 1.2 0.7 ± 0.4 1.6 ± 1.5 1.7 ± 2.3 3.6 ± 3.1 

Human 

Participant 
0.4 ± 0.3 1.6 ± 1.1 0.7 ± 0.6 0.92 ± 0.5   

 

Figure 1: Participant in the 
calibration rig for the static 
trial. The kinematic markers are 
overlayed on MIMUs 
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± 3.1°). Statistical parametric mapping found no areas of difference across the FE waveforms 
between the two methodologies. The mapping of the PS waveforms found a minor period of 
difference (p = 0.01) at approximately 90%, though this equated to only 2% of the total trial 
time. 
 
DISCUSSION: The purpose of this study was to asses a calibration technique for MIMU 
sensors, capable of estimating elbow joint kinematics. The calibration procedure advances 
on previously published techniques through a more refined calculation of the orientation of 
sensor units to associated body segments. Although previous research has successfully used 
the MIMUs for orientation and positional information, extracting accurate joint kinematics has 
remained problematic. Currently published calibration procedures employ techniques with a 
high level of subjectivity (e.g. stand with arms by side). The nature of MIMU systems does 
require some level of compromise: the advantage of MIMU systems is the ability to capture 
data in-field, and as such the calibrations must also be able to be performed in-field. 
Unfortunately, some degree of subjectivity is unavoidable, as no technology currently exists 
for the completely objective aligning of anatomical axes outside of the laboratory. 
The proposed calibration aims to reduce the level of subjectivity by placing the participant in 
a prescribed static pose (arm horizontal, elbow flexed to 90°) during sensor orientation 
calculation. We acknowledge that this approach also involves some degree of subjective 
estimation of anatomical axis alignment. 

Figure 2: Elbow flexion/extension and 

pronation/supination results for the 

Mechanical Linkage and Human Participant.  
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The RMSE agreement between the two methodologies was high, indicating that the proposed 
MIMU calibration technique is capable of providing a standardised reference to derived joint 
angles. Although the agreement was high for elbow FE and PS, it was not surprising that the 
PS angles showed a lower RMSE agreement. It is the last DoF to be decomposed and long 
axis rotation is consistently found to be the most variable DoF when modelling long segments. 
The experiment conducted was designed as a proof of concept, and as such, more testing is 
required before the proposed calibration procedure can be recommended as a valid and 
accurate system for the estimation of elbow kinematics. However the results do show the 
system is capable of producing highly comparable elbow FE and PS angles (Figure 2) in both 
a constrained (mechanical linkage) system and a human participant, providing a basis for 
further research. The reliance on subjective anatomical axis alignment still exists and is 
acknowledged, but is unavoidable with current technology. 
 
CONCLUSION: The calculation of MIMU derived functionally meaningful and standardised 
elbow joint angles is possible with the simple calibration procedure presented, designed to 
correctly define initial orientation of the sensor units relative to the associated segments of 
the arm. Such a procedure will increase the functionality and accuracy of multi-sensor 
systems for use with a broader user base and for a growing number of applications in sport 
and industry. The authors are currently testing the applicability of this approach in the 
assessment of cricket bowling actions in the context of delivery legality. 
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Introduction: Since the publication of the Calibrated Anatomical Systems Technique (CAST)1, 

modelling approaches - generally speaking - can be segregated into those that use this approach 

(complex), and those that do not (simple). There is however, a paucity of research that has directly 

compared the kinematic estimates of both models. In a sport such as cricket, where strict 

limitations are placed on elbow extension range (EER) during the bowling delivery, the modelling 

approach used could inadvertently influence the rulings on a bowler’s legality. The aim of this 

research is to compare the upper limb kinematic estimates and ruling of cricket bowling legality 

between one simple and one complex modelling approach.  

Methods: Two marker sets were simultaneously applied to nine bowlers who each bowled 24 trials 

together with two static/neutral trials. The complex approach stored joint centre (JC) estimates 

relative to technical co-ordinate systems (triads of markers). The shoulder JC was calculated as per 

Campbell2,3, and stored in the proximal upper arm and acromion triads; elbow JC as the midpoint of 

the medial and lateral epicondyles, stored in distal upper arm triad4; wrist JC as the midpoint of two 

markers on either side of the wrist during the static trial, stored in distal forearm triad. The simple 

modelling approach calculated the JC as the midpoint of two markers placed on either side of each 

joint. Kinematic variables were calculated from upper arm horizontal (UAH) to ball release (BR) 

(delivery phase): 1) segment (forearm and upper arm) lengths and 2) elbow flexion/extension (FE) 

angles. Elbow FE angles were further analysed by a) a traditional zero dimension (0D) statistic - 

ANOVA - investigating specific elbow FE events (UAH, maximum flexion, minimum flexion, BR, EER), 

and b) across time with one dimensional statistical parametric mapping paired t-test (SPM1D)5. 

Results: The 0D analysis of simple and complex dynamic bowling trials found no difference (and 

high correlation) in elbow FE events at the beginning of the delivery phase (UAH), then significant 

differences at each event for the rest of the delivery: Maximum Flexion (simple: 34.8°; complex: 

39.9°; p < 0.001), Minimum Flexion (simple: 7.3°; complex: 14.0°; p < 0.001) and BR (simple: 8.9°; 

complex: 15.7°; p < 0.001). Importantly, there was no significant differences (and high correlation) 

to EER between simple and complex modelling approaches. The International Cricket Council 

enforced 15° EER7 limit was applied to each of the deliveries within the dataset to find what the 

recommendation of bowling legality would be made. Four of 216 (2%) deliveries did have different 

results with the application of the 15° elbow extension rule. In each case the simple approach 

returned illegal (>15° EER); the complex approach legal (<15° EER). Three separate participants 

were affected and had conflicting legality rulings (1/3 total participants). The SPM1D analysis shows 

the simple and complex elbow FE modelling approaches produce different elbow FE results for the 

whole delivery phase. The smallest difference is at UAH (where 0D analysis shows no difference), 

greatest difference at approximately 90%. The accelerations and large range of motion experienced 

by the shoulder during this phase result in STA, which is supported by the presence of fluctuating 

segment lengths6. Upper arm and forearm segments for both modelling approaches changed 

length throughout the dynamic trials (average 2.34%). The combination of large scapula movement 

during the overhead movement and STA present in the second half of the delivery phase 

(specifically 60-100%) coincides with the greatest differences found by the SPM1D analysis. Cricket 

bowlers are subject to EER limits and can be banned for exceeding EER limits. It is recommended 
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future research looks to improve the dynamic modelling of the shoulder JC and investigate the use 

of inverse kinematics for modelling the upper limb during cricket bowling. 

Conclusion: Simple and complex modelling approaches produce different estimates of elbow FE 

during cricket bowling. This is due to STA and the relatively simplistic model of the shoulder during 

dynamic sporting tasks like cricket bowling. When the modelling approaches produced conflicting 

legality recommendations the simple always returned illegal EER whilst the complex returned legal 

EER. 
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Figure 1a: The mean (with standard deviation cloud) simple and complex elbow flexion/extension is plotted on the left 

vertical axis, SMP1D analysis on the right. If the SPM(t) value exceeds the critical t threshold then the difference between 

the simple and complex approach is significantly different – in this instance the difference is significant for the entire 

delivery phase, peaking at 89%.  

1b: The changes in segment length throughout the delivery phase. Percentage length change is calculated from the length 

calculated during a static trial in a neutral t-pose. The changes in length of each approach behave markedly differently 

between 60-100% (shaded) of the delivery phase, coinciding with the period of greatest difference found in the SPM1D 

analysis. 

 

 




