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Abstract

Contemporary research into training load in team sports primarily focusséseon
physiological load demands, whereas the biomechanical Isall remains largely
unexplored While the former referto the workenergy relationship when the p&as
move around the pitch, the latter reftw theexternal forceshe players are exposed to
from their movements around the pitchoMtoring of the biomechanical load helps
practitioners estimate the stressassa on
conseqguence of the external forces acting on their.Bddgitoring of the biomechanical
load is currently restricted to laboratory settings, but the recent introduction of GPS
devices with integrated accelerometers in team sports may enablegrardito monitor
whole-body biomechanical load during training sessiamdmatchplay. Theaim of this
thesiswasthereforeto explore if bodyworn accelerometry can be used for whodely

biomechanical load monitoring in team sports

The first study ofthis thesis showed thalthough a linear relationship exists between
bodyworn accelerometry (e.grom GPS integratedaccelerometejsand wholebody
accelerationsthe linear relationship ased on Newt onds issveak ond
regardless of actarometer location (trunk, pelvis or tibia). Bodsorn accelerometry

only measures the acceleration of the segment it is attached to and is therefore inadequate
to measure the complex mufiegment dynamics of the whole body during team sports
movements. fie second study of this thesis did howeséer a potential solution to that
problem, and it wademonstrate that thecomplex multisegmentlynamics of the body

and the associated ground reaction forces (GRR),surrogate for wholbody
biomechanical lo& can be estimated with a mag®ingdamper model (MSBnodel)
Nonethelessthe MSDmo d edcobiracyto estimate GRElightly decreases for sharp

changs of direction at high intensitie®ecause thabsorption of energy and generation



of energy are deampled. Finally, a novel approach to estimate GRF from the combination

of trunkmounted accelerometry and a M&ibdel was introduced in this thesis. This
approach showed that trunk accelerometry data has the potential to generate the eight
model parametengquired to estimate GRF from a MStodel, though further work is
required in particul ar abiltygtwastinthte GRREoessav i n g

wide range of activities

The novel approadhntroduced in this theslsas the potential to give préainers in team
sports the opportunity tmonitor whole-body biomechanical load due to playgound
interactionin the field a necessity if they wish to predict the consequent musculoskeletal

structural adaptatiorsf training sessions and matplay.
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Background

Researchers and practitioners have had a longstanding interest in monitoring and
understanding athletesdé training | oad (-
training). Monitorirg training load has in the first place enabled researchers and
practitioners to understand how adjustments in training load can lead to improved
performance. The first model of the relationship between training load and performance
was proposed inthemidd9 706s where it was suggested t
at hl et ebs f i tanddngrsasead fatigue fwast asgpaiated with decreased
performance and increased injury r{8anister et al., 1975Yhough the field of training

load monitoring has grown substantially since then, modern training load monitoring still
builds on the principlesuggested by Bannister et al. (1975) where the physiological
aspect of training load monitoring is the main focus when pursuing performance

enhancement as well as injury prevention.

The physiological aspect of training load monitoring is governed by ororgt the
relationship between the work performed by the athletes from voluntary skeletal muscle
contractions to move their body around the field and the energy (with or without oxygen
uptake) needed to complete the required wotks workenergy relatioship has been
extensively monitored in professiorathletes and more recently gone from heart rate
monitoring to GPS position tracking in team sports. GPS data can mih@texternal

work generated by the athlefe.g. distance covered and running vaigcand the
associated energy demantisother words, if the body were considered as a car then it
monitors fuel consumption based on the a
can help scientists and practitioners to make sure the athletéeitoatope with the
energetic demands and make time for recovery (refuelling) when needed. Despite the
introduction of technologies such as GPS, and an increased emphasis on training load

monitoring in professional team sports suclbasketballfootball and rugby the injury
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rates in professional team sports remain unchafDed et al., 2007; Ekstrand et al.,

2013; King et al., 2010)rherefore, a shift in focus may bequired.

Figure 1: Car analogy used to illustrate the difference between physiological and
biomechanical load monitoring-he permission to reproduce the human skeletal images has
been granted bistock/LindaMariaB.

Keepingt he car anal og yuyes (bohes, catiagel neusckes) tendan®and t
ligaments) work as shock absorbers for the external forces that athletes are exposed to
(Figure B.). These shock absorbers undergo considerable stresses from the high forces
they need to generate against thaugtbduring accelerations and decelerations. Just as a
high physiological load leads to an empty fuel tank, a high biomechanical load leads to
wear and tear of the shock absorbers, which has been largely unexploredeianthe
sports Whilst it seems logiddhat appropriate levels diomechanical stress will lead to
desirable bone and muscle adaptations, it remains pretty much unknown what constitutes
0 ap pr obpmechanical ®ad duringaining sessions anmdatch-playin team sports
Similarly, excesise accumulated stresses over time with insufficient recovery will lead

to undesirable damage of the soft tissues (overload/overuse injuries), or in the worst case
scenario to acute injuries when the individual stresses are simply too large for the soft

tissues to resist. Monitoring of the biomechanical load to which team sports players are
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exposed might therefore help to better understand therdsgense relationship between
biomechanical load and overuse injuries in team sports. However, monitoring the
bi omechani cal | oad i nspcorerdlyl restiicted 0 lalpolamry e r 0

measurements and therefore remains very linih@ghg training sessions amdatch

play.

A strong candidate for biomechanical load monitoring are accelerometers tha¢ can b
integrated in the GPS devioesrn bytheplayets consi dering that Ne
of motion & = m Aq) offers a linear relationship between forces acting on the body and

the net acceleration of the body. As promising as this soungsll remains largely
unexplored ifthe acceleratioa measured with théGPS integrated accelerometers
typically attached tothe torse arerelated to the net acceleration of thieole body.If a

linear relationship does not exist, one might have to explore other methods from which
accelerations measured through trum&untedaccelerometersan be used to monitor the

externalforces acting omeam sports playeduringtraining sessions and matphay.

The seed for a highly innovative research venture was planted
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Chapterl Literature Review

The aim of this literature review is to provide the reader witbrmation regarding the
current literature on 1) training load monitoring and the differentiation between
physiological and biomechanical load; 2) training load monitoring using (BRgrated
accelerometryand its application for biomechanical load mtmring; 3) springmass
models and the application of thesesimulate wholdody acceleration of the human
body during runningFinally, the aim and objectives of this thesis are outline at the end

of this chapter.

1.1.Training load monitoring

This sectionof the literature review will cover the basic principles of training load
monitoring and introduce the difference between physiological training load and

biomechanical training load.

1.1.1.Evidence based training prescription

In team sports, #coaches andeam of sports scientstainalyse player performaree
during and after every match or training session, often based on subjective perceptions.
The information gained from this analysis is used to make decisions about team selection,
training periodisationthe mental and physiological status of the players(&kenhead

and Nassis, 2016; Cummins et al., 2013; Impellizzeri et al., 200#) coaching team

uses this to plan aspects such as intensity, frequencywnegalf the following training
sessions. This plan is then implemented within an organisational structure and the training
|l oad monitoring cycle starts over again n
training load monitoring cycle is to provide bj ect i ve evidence
performance or state. This objective analysis is expected to better inform the coach about
changes in a playerods performance and mi:.

subjective analysi@Akenhead and Nassis, 2016; Cummins et al., 20Ar8)yiding robust
6
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and evidence based training | oad -iinmf, oransa

otherwise the objective analysis from the sports scientist easily becomesamdund

1

[ Performance ]

v

Analysis ](:

’

.

Sports
Scientist

Figure 1.1: The training load monitoring circle illustrating how subjective (coach) and
objective (sports scientist) analysis is used to make decisions on training planning, match
selection at.

1.1.2.Doseresponse relationship of training

Coaches and sports scientists monitor their players on a daily basis to gain insight into
the doseesponse relationship of the prescribed training. Where the dose refers to the
stresses imposed on the player émel response refers to the adaptation following the
prescribed trainingBanister et al., 1975; Impellizzeri et al., 2004; Lambert and Borresen,
2010) Understanding the dosesponse relationship of training igtfirst step to provide
evidencebased training prescriptiofAkubat et al., 2014; Busso, 2003%ince the
response (adaptations) is dependent on the training dose (e.g. the intensity, frequency or
volume), it is mportant that the level of the dose challenges the players to an appropriate
level which will lead to positive adaptations. It is wietlown that positive adaptions to

the aerobic, cardiovascular amadiscular systenfsllow the supercompensation principle

in team sportYMeeusen et al., 2006The positive adaptations are associated with
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I mprovements I n endur ance, speed, stren
performancgBusso, 2003)At the same time insufficient or excessive levels of training
load can lead to negative adaptations that degenerate the cardawvascumuscular
systems which eventually can result in failure to the system such as injuries and illness
(Soligard et al., 2016; Viru and Viru, 2000Adjusting the training load through
appropriate periodizationwhich combines adequate training stimuli with optimal
recovery periods, is therefore of high importance for sports scientists to ensure the players
reach the desired response/adaptations. The internal adaptation imposed from training,
the so called intexal load, is however very difficult to measure directly in the field and is
therefore traditionally estimated from the external work completed by the player, the so
called external loadAkubat et al., 2014; Impefizeri et al., 2004)Monitoring the
external load is therefore widely accepted as a method to gain insight into the internal

load imposed on the bypd

1.1.3.Physiologicalvs. biomechanicalload monitoring

The body0ds banesfcartilage, musdegrglong and ligamerntfollow the

same loading principles as the cardiovascular, metabolicnaisdular systemthough

this seems to have received less attention in training load monitoring. The principle is
illustrated in Figure 1.2 where the load voluimélictated byhe frequency, duration and
intensity and the impact load is a broad representation of joint(lbgd, 2005; Kibler

et al., 1992) The doseesponse relationship of training load can lead to urai@si
damage to the soft tissues, either leading to overuse/overload injuries because of
insufficient recovery, or (subsequently) to acute injuries when therémadly increases

and the load becomes too large for the tis8tithe same time the right de will lead to

positive adaptionsf the tissuéDye, 2005; Kibler et al., 1992; Soligard et al., 2016)
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1'%
L4

Impact load

A

Load volume

Figure 1.2: Remake of the model presentedire (2005) illustrating the relationship between
tissueloading and structural adaption. The grey area illustrates the zone of supraphysiological
overload which is reached with the right level of load volume and impact load.

Measures of physiological training loadteam sports have traditionally been related to
the kinetic energy associated Wieexterna pl a
physiological training load is practically done by monitoring the distance coasctd

running velocityfrom GPS device orsemiautomated video tracking systepr®viding

sports scientists with an estimate of the work done by the pl@yemiffe et al., 2009;
Gaudino et al., 2014; Malone etal.,200bh e p |l ay er 0 sesulbofvolumbegyn t i ¢
muscle contraction, where the muscle cells are stimulated with a nerve impulse from the
brain resulting in an active muscle contraction. The muscle cells require energy for this
contraction, either from energy already stored in the hausells or from the
cardiovascul ar systemb6s d deartratemoyitormghas) x y g €
due to its linear relationship wittkygen uptak€Hopkins, 1991)been used frequently

as a measuremeat theinternalphysiological training load in team @ps (Drust et al.,

2007), primarily through the Training Impulse (TRIMP) combining different measures of

9
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heart rate (maximal, rest, average heart rate) and training dufisiitoton et al., 1990)

Heart rate is still the most commonly used measurement of the internal physiological
training load in a field context despite daily variatiBagger et al., 2003)Session
duration dependent rating of perceived exertion (SRPE) has also been frequently used to
estimate lhe internal physiological load in team spdisster, 1998; Gallo et al., 2015;
Impellizzeri et al., 2004; Lovell et al., 2013t appears that a number of methods
successfully heebeen developed and implementedeam sports to monitor the external

and internal physiological load in team sports and that researchers and practitioners

should explore methods that can monitor the biomechanical load péagerxposed to.

PHYSIOLOGICAL FITNESS - FATIGUE BIOMECHANICAL

MEASURE MEASURE
Kinetic energy EXTERNAL LOAD EXTERNAL LOAD Whole body loads
(distance) (ground reaction
(speed thresholds) forces)
Metabolic power Accelerations
(+accelerations) decelerations
(magnitude / freq)
Rate of accel
(Playerl oad™)
MEASURE MEASURE
Oxygen uptake INTERNAL LOAD INTERNAL LOAD Joint load
(VO3z) (joint contact
. orces,
Cardiovascular Immuno-deficiency Muscle/tendon tear f )
demand Energy depletion Bone fracture Muscle load
(heart rate, blood : (muscle-tendon
lactate) : forces)
Perceived effort Muscle hypertrophy | Overload Meniscal damage Perceived tissue
(RPE) - Muscle strain damage
. . soreness,
Cardiovas adaptation : s e Tendon stiffness T ( )

Metabolic adaptation | Cartilage regeneration Perceived effort?

(RPE}
Adipose tissue deposit Tendon stiffness |
Muscle atrophy Cartilage degeneration

Figure 1.3: lllustration of the attempt to separate the external and internal load of physiological
and biomechanical load from each other and the associated adaptations (taken from
Vanrenterghem et alUnder Revieyv

When players move around thiéch they generate forces against the ground to accelerate
and decelerate their body, however this comes with a cost because equal and opposite
reaction forces from the ground (GRF) are acting on their body imposing a biomechanical

load. Asaconsequenocef t he external for cestsfuesamm t he

10
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imposed tobiomechanical stress as they absorb the external forces. The internal
biomechanical load associated with external load is the joint contact forces and the muscle
tendon forcesKigure 1.3). In vivo measurements of theernal forcesare rare, as this

will require direct measurements of the joint contact forces from force/pressure sensors
integrated in the joint and therefore arersealy in patients with artificial knee or hip

joint (D'Lima et al., 2007; Mundermann et al., 2Q0B)e joint contact forces and muscle
tendon forces are therefore typically estimated from inverse dynamics in biomechanics
using musculoskeletal modelling systesuch as AnyBod¢Damsgaard et al., 200&hd
OpenSim (Delp et al., 2007) However, these modellingystems currently require
external measurements of the bodyods kine
load Threedimensionalmotion capture sysms, where a sed of optoelectronics
cameras are used to measure the movement of retroreflective markers @osition
anatomical landmarkéWinter, 2005) is for instance required to measuhethree
dimensionakinematics of the body and therefore limits it applicatioapplied sports
settings.Thoughrecent studies have shown promising results in usimgmatics from
full-body inertialsensor systems as model input in musculosketetalelling systems

(Koning et al., 2015)

Measurements of the external GRF acting on the human body are typagaifyfrom

force transducers inbuilt to the ground (force platformiich since its introduction in
1938(Elfmann, 1938hasbeen considered as the gold standard to measuré\@iRrter,

2005) These are typically restricted to laboratory settings and can only measure the GRF
from one foot-groundcontact, making the use of these in the field very limited.
Measuremerst of the external GRF can also be obtained from other techniques such as
insole pressure sensdung et al., 2014and fulkbody motion capturéMapelli et al.,

2014) bu these also come with practical and technical constraints when applied in a field

11
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setting. Another candidate for external biomechanical load monitoring in the field is

accelerometry and in particular the GR&gratedaccelerometers.

1.2. Training load monitoring using GPSintegrated accelerometry

This section of théiteraturereview will cover the use of GRStegratedaccelerometry
for training load monitoring in the current literature. This includes general information
about the GPSntegratedacceleromters as well as their current application for

physiological and biomechanical training load monitoring.

1.2.1.Micro GPS sensor technology in team sports

Since its introduction in Australian football in the R#800s GPS devicdsas become a
commontraining loa monitoringtool in professional team sporiBhe literature on team
sportp | a yaetiviy profiles including measurements of total distance coveretl
running velocity (typically through different speed zones) has accordingly increased
considerablyover the last decade. Whereas the seatomated video tracking systems
such as Prozone are limited to match analysis, GPS technology has made it possible to
monitor theenergy demands ¢f | a yneovethantduring training session@ughey,

2011; Cummins et al., 2013; Dellaserra et al., 20IH¢ GPS technology is even allowed
during games in Australian football and rugby, and more recently the international
football federation (FIFAhas also allowed GPS technology professional football. In
other words, it looks like the GPS technology a training load monitoring tool in

professional team sporishere to stay.

12
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Dimensions:

- Length: 88 mm
- Width: 50 mm

- Depth: 19 mm

Mass (64 grams)

. GPS (10 Hz)

. 3D Accelerometer (100 Hz)
cotapuy, (BN ] 3D Gyroscope (100 Hz)

: 3D Magneometer (100 Hz)
Heart rate from Polar
compatible strap

Figure 1.4: Example of a GPS device (MinimaxX S4tapult Sports) and its location on the
uppertrunk within a small pocket of a tight fitt vest.

The GPS devickas a total mass of 64 grams, 88 x 50 x 19 mm in dimensioisand
typically located on thapper trunk between the scapulae within a smalkebof a tight

fitted elasticvest see Figure 1.4. The GPS devi ceod:
focus onsampling frequency (currently at 10 Hz) has been extensively investigated in the
current literature(Akenhead et al., 2014; Aughey, 2011; Coutts and Duffield, 2010;
Jennings et al., 2010; Varley et al., 201Zhough theGPS devices have shown
acceptable levels of accuracy and reliability of total distance covered during team sports
movements (Coutts and Duffield, 2010; Jennings et al., 201i¥) accuracy is
compromised at high speeds, short distances, accelerationsos; 4nd when players
frequently change their directigAkenhead et al., 2014; Varley et al., 201R¢searchers

and sports scientists have therefore turned their attention to the inertial measurement unit
(IMU) integrated in the GPS device including aaxial accelerometer, gyroscope and
magnetoeter. The IMU can potentially provide better information about high intensity
movements, sports specific movements (e.g. jumps and kicking) and the external forces
from collisions with other players and froplayerground interactiorand even allow
monitaring during indoor sports which is not possible from the GPS measurements

(Cummins et al., 2013; Dellaserra et al., 2014)

13
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1.2.2.GPSintegrated accelerometry

The recent advancementIMU sensor technology has madedssible to manufacture

low cost sensors which has increased the use of IMU to detect sports movements in
individual and team sports such as tennis, weightlifting, swimming, baseball, handball
and cricket(Chamberset al., 2015; Luteberget and Spencer, 20I®pugh the IMU

sensor integrated in the GPS device also includes a gyroscopeagmétometer, the
accelerometer has gained considerably more attention than the other two sensors.
Accelerometers meastuitee apfied accelerations acting along one or three sensing axes,
where the former is called a uwaxial accelerometer and the latter a-atxial
accelerometer. Though a number of different accelerometer types exist (e.g. piezo
resistive and piezoelectric accelareters) the conceptual measuring principtebased

on a springmass system. A sensing mass is attached to a suspension system, and the
applied acceleration in the accelerometer is measured from the displacement of the mass
along its reference ax(®/athie et al., 2004; Yang and Hsu, 2018¢celerometers were

first introduced in the 1950s to measure gait velocity and acceleré8anaders et al.,
1953)andhave historically been used in physical activity monitoring to estimate energy
expenditure, classify different movement patterns in daily life aesyiidentify risk of

falls (Mathie et al., 2004; Yang and Hsu, 2016) measurdibial shock acceleration

during walking, running and jumpiragtivities(Lafortune, 1991)

Accelerometry Bs been used in a number of ways in team sports, the raunteB&ted
accelerometer and/or gyroscope signal has for instance been used to successfully classify
team sports movemen@/undersitz et al., 2015a)hereas contrasting results have been
found in its ability to detect tackling/collisions in rugby and Australian football from
automatic tackle/collision algorithm$&abbett, 2013; Gastin et al., 2014; Kelly et al.,

2012). Finally, a recent study has shown that raw Gir€gratedaccelerometer data

14
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cannot be used to measure the average horizontal acceleration during high speed running
(Alexander et al., 2016)The latter studyanfirms the limitation of the GP®Bitegrated
accelerometers to monitor playerso6 Kkinet
despite its successful application in physical activity monitoring. The most common use

of accelerometry in team sports is elaulate the amourdf accelerations as a measure

of load, where a number of manufacturers have proposed to summarise the continuous
accelerometer signal from the GRS&egratedaccelerometer as a modified vector
magnitude. The different commercial GR8egratedaccelerometer companies use
different terminologiedor the summarised vector magnitudeg(ePlayerLoad" from

Catapult Sports and Body Load from GPSports Systems) where PlayEflieauiost
commonly reported in the current literature. Player(aid an arbitrary unit vector
magnitude value expressed as the square root of the sum of the squared instantaneous
rates of change in acceleration along each of the three accelerometer axes, divided by a

scaling factor of 100Boyd et al., 2011)see Equation 1.1.

DAMOQI 0 ERQ [Equation 1.1]

Whereg a,8& 1 s the instantaneous accelhteralat i or
anteriorposterior and vertidaaxis, respectively. Due to the single value nature of the
summarised vector magnitude it has its clear advantages in applied team sports because
it is very easyto collect and has therefore been used to investigate match and training
demands in a rangé t@am sports such as Australian footljBlbyd et al., 2013; Kempton

et al., 2015; Ritchie et al., 201 &)asketbal(Montgomery et al., 2010jootball (Barrett

et al., 2016a; Barron et al., 2014; Dalen et al., 20h6¢key(Polglaze et al., 2015)
lacrossdPolley et al., 2015netball(Chardler et al., 2014; Cormack et al., 2014; Young

et al., 2016 and rugby uniorfMcLaren et al., 2016cRecent studies kiaalso explored
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the relationship between the summarised vector magnitude obtained from e GP
integratedaccelerometry and the risk of soft tissue injuries in Australian fodiBalby

et al., 2014pand footbal(Bowen et al., 2016;itmann et al., 2016Yhe downside of the
summarised vector magnitude is however that it is very difficult to interpret how the
Ashaking upo of the body is related to t
contrasting findings from studiexg@loring the relationship between PlayerL84dnd

fatigue (Barrett et al., 2016b; Page et al., 2015, 2Cdr&) between PlayerLo&d and
external measurements of physiological load such as total distance q@&sacthichana

et al., 2013; Polglaze et al., 20E)d internal physiological load suchaas/gen uptake

heart ratéBarrett et al., 2014; Highton et al., 2016; Scanlan g2@l4; Scott et al., 2013;
Walker et al., 2016and session duration dependent rating of perceived exertion (SRPE)
(Casamichana et al., 2013; Gallo et al., 2015; Gaudino et al., 2015; Gnzeet al.,

2011; Lowell et al., 2013; Scanlan et al., 2014; Scott et al., 20EXing a step backwards
exploring the potential of the raw accelerometer data is therefore needed to fulfil the GPS

integratedaccelerometers prospective in a trainiogd context.

A number ofrecentstudies laveexploredthe GPSntegratedaccelerometerseliability

and validityduring laboratory and field tesBarrett et al., 2014; Boyd et al., 2011; Kelly

et al., 2015) The variablePlayerload™ has for exampleshown moderate to high
reliability across tasks performed at different spe@dsreira et al., 201ndmoderate

to highwithin-subject reliabilityregardless o&ccelerometer position (upper and lower
trunk), whereas largéetweenrsubjectvariance in PlayerLodf has been observed
indicating that betweeplayer comparisons should be made with cautBarreira et al.,
2016; Barrett et al., 2014Recent studies have found contradicting results for the GPS
integratedaccelerometés ability to measure peak acceleratiptise GPSintegrated

accelerometer underestimatgubak accelerations when tested against a reference
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accelerometer, particularly during high frequency movem@mhy et al., 2015; Lake et

al., 2014) whereas it overestimated peak acceleration when tested aaasetration

data obtained from thre#imensional motion analysis syste(Wgundersitz et al., 2015a;
Waundersitz et al., 2015b; Wundersitz et al., 201%bg overestimation could be caused

by the podrngpualfi ttyhefifaicxel er ometer t+o0o th
frequency artefacts in the dafdne application of a lovpass filter hafor instanceshown

to improve the validity though the optimal filtering is yet to be establigathdersitz

et al., 2015a; Wundersitz et al., 2015b; Wundersitz et al., 2015c; Wundersitz et al., 2013)

1.2.3.Biomechanical load monitoring from GPSintegrated accelerometry

The use of GP$ntegratedaccelerometry for biomechanical loatbnitoring in team
sports is based on NeFwmada) Witk ac®menooassumptienw o f
that the acceleration from th@ink-mountedaccelerometer is equat very similarto the

whole body acceleration. Whereas the @R&gratedcacceleometer ability to monitoring
physiological load has been explored extensively in the current literature, its ability to
monitor wholebody biomechanical loading remains largely unexplored. In flaist is

limited to three studies in the current liter&uwhere trunk acceleration from GPS
integratedaccelerometers has been validated against GRF from force platforms (Table
1.1). In two of these studies vertical and resultant peak acceleration data from GPS
integrated accelerometers were compared with GRfMReasurements during
jumping/landing taskélran, 2010)and running/change of direction tagkgundersitz et

al., 2013) Both studies showed that the Gifiegratedaccelerometers significantly
overestimated peak resultant GRF. Both studies found that the overestimation was
reduced when a loyass filte of 1025 Hz was applied to the accelerometer data
removing high frequency signal noise (likely due to movement of the unit/vest relative to

the trunk).
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Table 1.1: Summary of the findings frothe studiesvalidating GPSintegratedaccelerometry
againstgolden standar€isRFmeasurements.

Author Participants  Accelerometé Dependent -
Task . Findings
(year) (N) Force plate variable
Y DLAND
Sglpgog:gm Peak vertical  CMJ 16.8i
P DLAND and resultant 30.8%
A portable from 30, 40 acceleration (rp: 0.451 0.56)
Tran et al. 10 force plate and 50 cm
(2010) P heights Filtered Filtered data
(model ACG) . -
from Advanced accelerationdat: § DL AND
. CcMJ (20 Hz lowpass CMJ 10.9i
Mechanical .
Technologies filter) 22.2%
9 (r: 0.551 0.70)
Z\Vertical

acceleration for

running and all
COD

(rs: -0.267 0.33)

¥ Resultant
. leration f
SPI Pro from Running . acce.erat|0n or
Peak vertical running and all
GPSports and COD
and resultant COD
(45°,90°, . .
acceleation (rs: 0.007 0.48)
. In-ground and 180°)
e 17 force plate
et al. (2013) (BP600900) Velocities Flltergd Flljcered .data
acceleration dat: Z\Vertical
from Advanced ranged from .
. (10-25 Hz low  acceleration for
Mechanical 251074 ) .
Technolo m.st pass filter) running and all
9y cob
(rs: -0.267 0.39)
¥ Resultant
acceleration for
running and all
COD
(rs: 0.231 0.76)
MinimaxX S4 General
from Catapult team sports
movements
One on the Upper back
. y  471395.8%
uppertrunk & A running y for alll3ts<)a153k65 °
_ one at the start (r: 0.74i 0.90)
Hollville 14 lower trunk PlaverLoad™
et al. (2015) A simulated y Lower back
6 individual 1x1 - . o
. y  7i8113718%
Kistler force for all tasks
plates Kl All at both (ro: 0.77i 0.93)
9067) high and e '
connected in low
series intensities

g Over est iUnderesémate;ZDLAND: Drop landings; CMJ: Countermovement jump®eaarson
r-value; COD: Change of direction; Gpearmadls corr el ati on coefficient.
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Contrasting results were however found when vertical acceleration was compared to
vertical GRF (VGRF), as it overestimated VGRF for the landing/jumping (dsks,
2010)but underestimated VGRF for the running/change of direction (eglsdersitz et

al., 2013) These comasting findings are most likely because the accelerometer measures
the acceleration in its own local coordinate system, and although the vertical axis of the
accelerometer is the same as the vertical axis of the GRF wheartiogpants standing

still, this would not be the case when gagticipantis performing changes of directions
where the trunk is often leaning forward. Nonetheless, it was concluded that the GPS
integratedaccelerometers could measure wHotely impact peaks from the collision

with the ground during team sports activities with reasonable accuracy whe20aH¥0
low-pass filter was applied to the accelerometer d&tan, 2010; Wundersitz et al.,
2013) The optimal filtering frequency isey to be established which can prove to be

difficult as the optimal filtering frequency will depend sports, task and intensity.

In a more recent study the traditional output variable from the GPS integrated
accelerometer when used in the field (Plagad™) was compared with PlayerLo2t
calculated from multiple force platforms during typical running related team sports
movementgHollville et al., 2015) Though PlayerLodd' calculated from the upper trunk
accelerometer overestimated Playerl'dachlculated from the GRF by as much as 43.3
58.0% for low intensity activity and 5295.6% for high intensity activities, moderate t
strong correlations (0.7@.90) were found between the accelerometer and GRF data. In
addition even larger overestimations were found for a GPS integrated accelerometer
positioned on the lower part of the trunk, at the level of the posterior supegmspines,
(78.7-113.8%) but with similarcorrelations(0.77-0.93 across the different tasks and
intensities(Hollville et al., 2015) The higher PlayerLodd observed from the lower

trunk-mounted accelerometer is similar to observations from previous studies that have
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explored the effect of GPS integrated accelerometer location and Play&tlaaihg

90 minutes of simulated fdoall (Barrett et al., 2014, Barrett et al., 2016B)milar results
were found for treadmill and overground running at different running intensities, when
accelerations of the upper and lower trunk were measutbdagimilar 100 Hz traxial

accelerometefKawabata et al., 2013)

The discrepancy betwe#&munk-mountedaccelerometer data and GRF is expected as the
impactacceleratiorirom the foot colliding with the grounid attenuated as travek up

along thebody (Lafortune et al., 1996)The location of the accelerometsrtherefore

likely to influencethe relationship with wholédody loading.The relationship may also

be influenced by the type of activity and intensity of the activiigcelerometers located

at the hip have for example demonstrated an acceptable association with the GRF, during
daily life activities(Meyer et al., 2015Rowlands and Stiles, 2013nd accelerometers
located at the hip and tibia have shown a strong association with GRF in vertical jumping
(Elvin et al., 2007; Setuain et al., 201Hpt only is the magnitude of ¢haccelerometer
signal influenced by the position of the accelerometer, the acceleration pattern also
differs. Differences in the medial/lateral acceleration pattern from an upper and lower
trunk-mountedaccelerometer have also been observed during ruijkewgabata et al.,
2013) The difference in segmental acceleration from different accelerometer locations
and wholebody acceleration from force platforms is therefore a combination of the
attenuation of the acceltion magnitude and changes in acceleration pattern.
Nonetheless istill remains uncertain which segmental acceleratans accelerometer
locationswould better relate to wholeodybiomechanical loadingGRF)during typical

team sports movements
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1.3. Spring-mass modelling of thehuman body

Springmass modelbas successfully been used to estimatevih@le-body acceleration
and theassociate@GRF acting on the human bodwring running If a direct relationship
does not exist between bodyprn acceleromey and wholebody acceleration,
researchers might seek inspiration from the biomechanical literature on-s@E#Esg
models.A brief literature review on # current use of spriagiass modalin sports
science isthereforeprovided inthe following sectionThough a number of different
springmass models existhis literaturereview will focus on the most commonly used
springmass modal, i.e.consisting of a single mass aadpring, and a masspring
damper model consisting springmass model on top @nother mass in series with a

springdamper system.

131.The fAbouncingodo nature of running

During running the human body follows a spriilge behaviour where elastic energy is
absorbed and rgeneratedastheb o dy 6 s CoM moves down and
phaseelastic energy is absorbed andg)@ ner at ed by the bodyods
cartilage, ligaments, tendons, muscled)ere theenergy is absorbed when the tissue is
compressedtretched and returned as it resofCavagna et al., 1964; Farley and
Gonzalez, 1996As theb o d €alManoves downwards during the first half of the stance
phase elastic energy is stored in the desgst tissues. In the second half of the stance
phase the stored energy is releaaad the CoM is moved upwards again as the soft
tissues recoil the stored energy accelerating the body into the neiBkst&pan, 1989;

Farley and Gonzalez, 1996; McMahon and Cheng, 19905 result of the stage and

return of energy the body bourscong the ground during running, similar to a person

hopping on a pogo stickvhere the spring stas@nd retursthe mechanical energy.
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The springlike behaviour of the human body is however dependent on moveanén
frequency of the moveme(farley et al., 1991; McMahon and Cheng, 1990)s is for
example the case when hopping at low frequencies because the maximal force is reached
before the body reaches its maxinvartical displacementFarley et al., 1991)This

violates the assumption of a 100% elastic system because the storage and return of elastic
energy is not equal. Similarly, the body does not follow the spiiegoehaviour during

walking because th€oM is at its highest at the middle of the stance pli{@ssagna et

al., 1976; McMahon and Cheng, 1990)

1.3.2.Spring-mass model

A simple springmass model, consisting of a single mass represen&n@dM on top of

a masdess linearspring (Figure 1.5), hdseensuccessful in describing and predicting
CoM movement and GRF of running humans and anif@déxander, 1984; Blickhan,

1989; McMahon and Cheng, 1990he force acting on the model is equal to the force in
the spring, which according to Hookeds
compression/extension and the natural length of the spring. In thjgsfemasempression

of the spring is caused bydimass, and the amount of compression is linealated to

the stiffness of the spring.

Mass

Spring [

Figure 1.5: lllustration of the simple springnass model, where | is the natural length of the
s p r i nsghe digplpcement of the mass émiil-aey thie length of the compressed spring
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The GRF acting on the model (GRk&e) can therefore be described agnuaton 1.2
"0YO Qa Yo 4"Q [Equation 1.2]

Where, k is the spring constants, | is the natural length of the spring when it is under no
external load(l-aey is the length of the compressed spring, m is the mass and g is the
accelerabn due to gravity. The linear relationship between @& and the
displacement of the masgy for this springmass model is displayed in Figure 1.6. The

displacement of the mass is dependent on the mass and the stiffness of th&)spring (

Tege®

2000

1500 -

1000

GRF (Newton)
Displacement (m)

500 - --0.04

0 I
0 50 100 150 200 250

Time (ms)

Figure 1.6: lllustration of the linear relationship between displacement of the mastéd
grey line) and the GRF acting on the sprimgss model (black line).

Vertical and leg stiffness are inarguably the muistely used output variables from the

simple springmass modelThe biggest difference between the two is that the vertical
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stiffness kver) only representhe 1D vertical stiffness wherebeyy stiffnessKieg) is a 2D
stiffness representing the stiffnesisthe leg/spring as the angle between #gdpring
and the ground changesiring the contact phask.r is calculated from the maximum
GRF (GRmay divided by the maximal CoM displacemédnteyy andkieg is definedas
GRFmax divided by the maximal vécal displacement of the leg/springdmay, See

Equation 1. 3 and 1. @adpoor and Nikooyan, 2010)

Q - [Equation 1.3]

Q - [Equation 1.4]

1.3.3.Current application of spring-mass moded

Springmass modesl have been used since the 14@80s toexplore how changes in
running mechanics relate energy cost and performance. McMahon et al. (1987) showed
that running withincreased knee flexion reduckd: and though this was associated with
an attenuation in the impact for¢ésincreased the oxygen consumptimpas meh as

50% (McMahon et al., 1987)A number of sidies have since explored the change.dn
and/orkieg and fatigueduring exhaustive runnin@alleau et al., 1998; Dutto and Smith,
2002; Fourchet et al., 2015; Rabita et al., 20@8¢ldle distance runnin{Girard et al.,
2013)andmountain ultramarathon racefDegache et al., 2016; Morin et al., 201
addition a number of studidsavewithin recent years explored the rédaiship between
spring stiffness and sprint performanceusing the springnass model approach
(Arampatzis et al., 1999; Girard et al., 2016a; Girard et al., 2016b; Girard et al., 2011;

Hobara et al., 2010; Morin ek 22006; Taylor and Beneke, 2012)

The simple springnass model has more recently been adopted to team sports, where

vertical trunk accelerometry from GPS devicegdizeen used to determine contact time
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(tc) and flight time ;) from which kver is cdculated following the springnass model
approach by Morin et al. (2005). See Equation 1.5 and 1.6, whsrde gravitational

acceleration and m the mass of gaeticipant

VYO aIJQ06-2— p [Equation 1.5]

Y — 2 o [Equation 1.6]

This approach has been used to estimate the CoM movement, GRE afen running
ondifferentsurfaces such as natural grass and §a@addino et al., 2013nd to explore
induced loweilimb imbalance during runnin@uchheit et al., 20150ne of the studies
showed thak.er can be estimated successfully with the trunk accelerometry spiasg
model approach and potentially give insight into momipof neuromuscular fatigue in
team sportsg(Buchheit et al., 2015)The same study also expldréhe lowerlimb
imbalance between a taped and-t@ped ankleA large effect of taping was seentas

tr and kver increased for the taped leg when these were measuradtreadmill with
instrumented force transducers. This effect was also observesl tiuhk accelerometry
data fortc andker, though the increase was not as high andsttlata was reported as
unclear (Buchheit et al., 2015)The latter illustrates that the combination of trunk
accelerometry data and sprintass models potentially can provide useful insight into

biomechanical load monitoring and its relationship with injuries.

1.3.4.Limitations of t he simple springmass model

Thoudh this simplistic modelling othe human bodyn motion where the GRF is
simulated as a half singave has been applied in a large range of spartsantexts as
illustrated in the previous paragia it obviously has limitations in estimag the

asymmetric GRF patternse. patterns in which the rising part is not equal to the falling
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part of the GRF profileThough GRF patterns from forefoot running in many cases
similar to the symmetric hiasinewave, it often deviates from the symmetric pattern. In
fact, variables such as running spé€thrk et al., 2014; Clark and Weyand, 20%épt
strike and footweafClark et al., 2014; Lieberman et al., 20Hd)d even the level of the
athlete(Clark and Weyand, 2014pve all shown to affect the GRF pattern. The collision
between the foot and ground causes a high frequencgcingeak in the initial GRF
patternwhich the simple springhass model is not able to estim@@ebbert et al., 1992)

seeFigure 1.7.

3500 T T : y . I : . . .
Run-5m-s” Cutd5 -5m-s” Cut90 - 5m-s”

3000
2500 -

2000

GRF (N)

1500 §
1000 |

500 [

0 25 50 75 100 0 25 50 75 100 0 25 50 75 100
Time (%) Time (%) Time (%)

Figure 1.7: MeasuredGRF (solidblack line)and GRF estimated from a simple sprintass
model (dotted black I&) for running and change of direction of 45° and 90°. The shared grey
area illustrates the differences between the measured and modelled GRF.

Studies have shown that thgringmass modegstimates the active peak{&RF peak)

but neglects the impactepk (Bullimore and Burn, 2007)In a recent study it was
demonstrated that competitive sprinters deviéteggher impact GRR3ignificantly more
from the simple half sinevave GRF patterrthan norcompetitive sprinters farunning
speeds at 5, ih-st and their individual top speedt was theefore concluded that the
simple springmass model has limited application in analysis of sprint performance in

competitive sprinter@Clark andweyand, 2014)Similarly, the application of the simple
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springmass model in Aiomechanical loading context is limited because it neglects the
GRF impact peak which for instance has been associated with the development of overuse

musculoskeletahjuries in long distanceunrers(Hreljac, 2004; Nigg et al., 1995)

1.3.5.Multi -body models

Multi-body models consisting of two or more masses have been proposed to better
estimate the muksegment dynamics of the humandy during running activities
(Nikooyan and Zadpoor, 2011)hese multbody models build on the theoretical
framework presented by Alexander et al. (1986) which detnated that mukbody
models vere capable of predicting both the impact amctive GRF peak observed in
running animalgAlexander et al., 1986 his multtbody model consisting @ spring

mass on top of another sprimgass, where the upper spHnass represesthe upper

body and the lower sprirgnass represesithe foot/lower limb. This model has been used

to explore the mechanical properties of the human heelkadet al., 1989hnd to
estimate GRF durinfprefoot and reafoot running at different running velocitiéSlark

et al., 2014)Alexander et al. (1986) did however demonstrate that the double-spring
mass model could go into oscillation due to the impamtihfthe ground. A damper
element, which dissipaisome of the energy from the impact collision between the lower
spring and the ground was therefore connected to the lower spring (see Figure 1.8), to
successfully estimate the asymmetric GRF pattern ols$arveunning animals and

humangAlexander et al., 1986; Derrick et al., 2000)
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Figure 1.8: lllustration of theMSD-model used by Derrick et al. (2000) to estimatF
patterns and an example of the simulated GRF from this model (titdatsdine) and the
measured GRFs6lid black line) for running.

The following assumptions are made for the mam:gdamper mode(MSD-model)
proposed by Alexander et al. (198@&nd Derrick et al. (2000) for running

animals/humans:

The lower massnfp) represersithe support leg

The upper mas@m) represents the rest of the body

- The horizontal velocity of the model is assumed to be constant

- The model neglects movement in the honial direction and consider only the
movements and forces in the vertical direction

- The model only consists of passive elements and theneéglectsenergy from
active elements such as muscles

- The model is limited to analyse the movement of the systgmgistance phase

only
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The vertical motion of thepper massnf) and lower masaig) can be describeds in

Equations I7 & 1.8 (Alexander et al., 1986; Derrick et al., 2000)

®o —w w — 10 [Equation 1.7]

@ o0 —®w —® —0L o0 —— Q [Equation 1.8]

Wherexi, a; are the vertal position and acceleration of the upper massp, a; are the
vertical position, velocity and acceleration of the lower masgample of the
displacement, velocity and acceleration of the two masses is displayed in Figlkie 1.9
and ko are the linar spring constants of the massless upper and lower sprisghe
damping coefficient of the lower spring agds the acceleration due to gravin® 81
m-s?). Finally, |1 andl, are the natural lengths of the upper and lower spring under no
externalload. The GRF acting on thISD-model (GRode) can be estimated whéime
motion, spring characteristics and damping coefficient of the lower mass is known

(Equation 19).

=

‘0YO Qa o [Equation 1.9]
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Figure 1.9: The displacement, velocity and acceleration of the upper and lowerfonas®

running examplegexample A: dottedrey line and example B: dotted bldoie).The bottom

row display the masuredGRF(solid black line) and simulateMSD-modelGRF (dotted grey
line) from thetwo examples

The MSD-model has until this thesis only been used to replicate GRF patterns from
running at 3.83m-s! + 5% (Derrick et al., 2000)In that study theMSD-model
successfully replicated the GRF patterns with an average difference in impulse between
the measured and modelled GRF of 6.99 N-s (2.&%)average difference in loading

rate of 4.3 N/BW (4.7 %{Derrick et al., 2000)In addition, a sensitivity analysis of the
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individual model parametaysnfluence on the modelled GRF as well as the effect of
stride length on the modsl stiffness characteristics (stiffness of the upper and lower
springs) were explored in the study by Derrick et al. (2000). WI8D-modets

application is currently limited to the study by Derrick et al. (2000) and it is therefore still
unknownto what extenthe MSD-model can replicate GRF patterns from typical team

sports movements.

1.3.6.More complex models

A number of more complex muliody springmas models with additional masses,
springs, dampers and active elements to simulate the energy from muscles and shoe
cushioning have been introduced in the literat(iMekooyan and Zadpoor, 2011)
However, these are not addressed in this literature review, becaustSienodel
proposed by Alexander et al. (1986) and Derrick et al. (2000) has demonstrated sufficient

ability to mimic the asymmetric GRF patterns and feattypically observed for running.
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1.4.Summary

The physiological training load and its relationship with performance enhancement and
injury risk has been explored extensively in team sports whereas our understanding of
biomechanical loadvhich is assoeited with the external forces players are exposed to

from the playerground interactionstill remain largely unexplored. The introduction of
wearableGPS devices in team sports has made it possible to monitor the external training
load on a daily basi®ughey, 2011; Dellaserra et al., 201%ihese devices have typically
been used to monitor the kinetic energy ¢
around the pitch, but the integrated accelerometer couienpally provide useful

information about thexternalbiomechanical training load.

The direct relationship between the acceleration from tmoknted GPS integrated
accelerometers and wheb®dy biomechanical loading (GRF) is however still largely
underexplored in the literatur¢Tran, 2010; Wundersitz et al., 2013)Vholebody
biomechanical loading depesdn thecomplexmulti-segmental dynamics of the body, a
complex system that successfully has been modafief1SD-model system in the past
(Alexander et al., 1986; Derrick et al., 2000he generatability of theMSD-model for

team sport movements such as running and change of direction at different intensities is
however yet to be established. If a direct relationship does not exist betweewdrody
accelerometry and wholeody acceleration, the ability to use the acceleration signal
measured from the GPS integrated accelerometer to driM&B-model should be

exd or ed. I f the external G RsHcceastullyastimgtedo n = a
from a combination of trunknounted accelerometry andvd6D-model it might open a

new avenue foexternalbiomechanical load monitoring in team spadtging training

sessios and matciplay.
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1.5.Aim and dbjectives

The overall aim of the present thesis was to explore if twoatyr accelerometry can be

used for wholébody biomechanical load monitoring in team sports.

This will beexploredthrough the fulfilment of the followim studies and objectives:
- Study 1: To explore the associatidretween wholdody accelerations and body
worn accelerometry during team sports movements.
- Study 2: To establish the genersdbility of a masspringdamper model to
simulate ground reactiomifcesfrom team sportselatedmovements.
- Study 3: Based on a positive outcome of the first tvairntroduce a novel
approach to estimating ground reaction forces fomahyworn accelerometry

and a masspringdamper model.

The successful completion dfie aboveaim and objectivewill potentially enable

researchers and practitioners to monitog externawhole-body biomechanical load

from bodyworn accelerometry in professiortabmsports.
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Chapter 2 Estimating CoM acceleration from bedyn accelerometry

This study has beeaccepted forpublication in the International Journal of Sports
Physiology and Performanc&he aim of this studwas to investigate the relationship
between wholdody accelerations and bodyorn accelerometrnyduring team sports
related movementsThough the studyemonstratd that bodyworn accelerometry
correlates to wholdody loading in team sports movements and can reveal useful

estimation concerning biomechanical loaditiggse correlationare not strong

2.1.Introduction

Team sports players experience high external forces on the body, in particular during the
large number of accelerations and decelerations they per{&oomfield and
O'Donoghue, 2007)As a consequence, soft tissues (bones, cartilage, muscles, tendons
and ligaments) are put under considerddienechanical load. The accumulation of this
biomechanical load over time can result in structuralptateons that are beneficial
(repair, regeneration, and strengthening of the tissue) and/or detrimental (leading to
overuse or acute injury). A subtle balancebamechanical load that depends on the
frequency, duration and intensity of the external feraeting on the body is required to
have beneficial adaptation yet avoid soft tissue in{jger et al., 2009)Quantifying

the external forces acting on the body during team sport movements in the field could
therefore help researchers and practitioners to better monitor and understand the

biomechanical load experienced by players in training and matches.

Accelerometers embedded in GloPalksitioning Systems (GPS) devices are commonly
used in professionaltearp® rt t o moni tor the playerso
distance players cover and the speed they run at or to estimate the external forces acting
on t he pl(Boydetrals 2011h201B)he GPSntegatedaccelerometer devices

are worn on the dorsal part of the upper trunk within an elastic vest and allow the
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registration of acceleration of the (upper) trunk segment. It has previously been
demonstrated that the accelerations registered from thesent@Bfatedaccelerometers
overestimate the peak external forces ac
changes in directioWundersitz et al.2013) or in landing and jumping task3ran,

2010) However the relationship between trunk acceleration from GR8grated
accelerometers and wheat®dybiomechanical loading during team sports movements it

is still largely unexplored.

The estimation of external forces acting on the body from trunk accelerometry is based
on Newt onodos s e cRanfleshdy=ImanMénod@dwhoeBadd) nd henasstimption

that bodyworn accelerometers are able to measure wholty acceleration. However
because the GPmtegratedaccelerometers measures trunk accelerations the external
forces measured are actually the external forcesgaoti the trunkRrunk = Mirunk Adtrunk).

If however segmental accelerations from the trunk accelerometer are related to the whole
body acceleration it could be feasible to estimate the external forces experienced by
players in the field. Wholeody acckerations, biomechanically expressed as Centre of
Mass (CoM) accelerations, do however depend on the compldk-segmental
dynamics of the body. Since the position of the CoM relative to individual segments
varies depending on enmams gpdstonaee vhsthetmle v e me |
mountedaccelerometers and boglyorn accelerometry in general are able to measure the
multi-segment dynamics during those movements that are typically performed in team

sports.

The relationship between segmental acceatematrom bodyworn accelerometry and
CoM accelerations seems to be affected by the location of the accelerometer.

Accelerometers located at the hip have for example demonstrated an acceptable
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association with the external forces acting on the whole baoipdzhanically expressed

as the ground reaction forces (GRF), during daily life activifeyer et al., 2015;
Rowlands and Stiles, 2012y addition accelerometers located at the hip and tibia have
shown a strog association with GRF in vertical jumpigglvin et al., 2007; Setuain et
al., 2016) Furthermore, higher accumulated accelerordgdsed loading values have
recently been observed from a GRt&gratecacceleromter located at the hip compared

to the trunk for a 90 minute football simulati@arrett et al., 2014; Barrett et al., 2016b)
but it remains uncertain which segmental accelerations would better relate tebatiple

biomechanical loading during typical team sports movements.

Altogether, the influence of accelerometer location on the relationship between measured
accelerations and CoM accelerations during team sports movements such as running and
changes in dection is still largely unexplored. The aim of this study was therefore to
investigate the association between wHmdelybiomechanical loading and accelerations
measured from an accelerometer that is attached to an individual body segment. This was
done by investigating whether accelerations from the badyn accelerometers are
related to variables that represent wHobely loading, and whether peak accelerations

are related to specific features of the CoM accelerations during the time when the player

is in contact with the ground.

2.2.Methods

Twenty recreational male team sports athletes volunteered to participate in this study (age
22 + 4 years, height 178 £ 8 cm, mass 76 + 11 kg). No participants had a history of severe
lower limb injuries (e.g. ACL injues orankle sprains). The study was approved by the

Institutional Ethics Committee and written consent was obtained from all participants.
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2.2.1.Protocol

The participants completed four forward running trials (Run), four anticipated 45°
(Cut45) and four 90° di cutting trials (Cut90) at approach speeds of 2, 3, 4 and5 m-s
(= 5%) in a randomised condition order. Approach speed was measured with photocell
timing gates (Brower Timing System, Utah, USA) that were positioned 2 m apart and 2
m from the centre o& force platform. The participants were instructed to hit the force
platform with their dominant leg (defined as their preferred kicking leg) during the Run
trials and to perform the cutting step with their dominant leg on the force platform. An
individual number of practice trials were incorporated in the warm up routine until the
participants were familiar with the different tasks and approach speeds (typically around

4 + 2 practise trials for each conditions).

2.2.2.Acceleration measurements

Segmentabcceleration datwere collected from four bodyounted accelerometers: 1)

a trunk-mounted tri-axial accelerometer (KXP94, Kionex, Inc., Ithaca, NY, USA)
embedded within a commercial GPS device (MinimaxX S4, Catapult Innovations,
Scoresby, Australia). Thiaccelerometer had a sampling frequency of 100 Hz and an
output range of £ 13 g. The GPS device was positioned on the dorsaf fretupper

trunk between the scapulae within a small pocket of a tight fitted elastic vest according
to the manufactures cemmendations; 2) A taxial wireless laboratory accelerometer
(518, DTS accelerometer, Noraxon Inc., Scottsdale, USA) with an effective sampling
frequency of 1000 Hz, an output range of 24 g, a total weight of 5.7 grams and 19 x 14.2
x 6.3 mm in dimensio was tightly fixated to the posterior side of the GPS device using
double sided tape. Pilot work showed a difference of approximately 0.34 g in peak
acceleration between a laboratory accelerometer fixated to the posterior side of the GPS

device comparedtthe anterior sidésee detail imAppendixA). The posterior location
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was therefore used for all measurements; 3) Axial wireless accelerometer (same
specifications as accelerometer 2) was located inside the shorts worn by the participants
(level with the %' lumbar vertebra) during the session with double sided tape. An elastic
belt was strappedr ound the participantdos wai st a
movement of the accelerometer relative to pelvis; 4) Axral wireless accelerometer

(sane specifications as accelerometer 2) was fixed to a lightweight fibre glass plate
shaped to the shaft of the tibia with double sided tape and with elastic velcro straps tightly
strapped to the front of the tibia shaft with which tparticipant performed he
pivot/cutting stepThe location of the four bodyounted accelerometers in displayed in

Figure 2.1.

[\

Figure 2.1: Pictures displaying the position of the four badgunted accelerometers, the red
circles display the location of the three laboratory accelerometers (Trunk, Pelvis and Tibia)

The accel erometersd st at i cytestsdssion bytrogatinge r e
the accelerometerthrough 6 degrees of freedom to detect a + 1g accelerdtie to

gravity (see detail iPAppendixB). The average resultant acceleration were calculated
over a 10 second time period for each of the sensing axes and the overall averages were
calculated from the average values of the sensing axis. A one saregievas used to

test if the average resultant acceleration obtained from each accelerometer were

significant different (U O 0.01) from 1¢
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accelerometers showed a significant difference from 1g pre or pgsbfathe test

sessions.

Ground reaction forces (GRF) were collected from a 0.9 x 86istier force plateform
(9287C, Kistler Instruments Ltd., Winterthur, Switzerland) embedded in the floor
sampling at 3000 Hz. The GRF data were synchronised witlttieéeaometer data from

the three laboratory taxial accelerometers through an analogue board and recorded
simultaneously in Qualisys Track Manager (Qualisys AB, Gothenburg, Sweden). The
Trunk accelerometer was gently tapped three times before eadareatihg three clear
spikes in the acceleration traces which were used to synchronise the Catapult acceleration

data with the other acceleration data (accuracy of + 10s@s)detail ippendixC.

2.2.3.Data processing

All acceleration and GRF data were expd to Matlab (Version R2014a, The
MathWorks, Inc., Natick, MA, USA) where the whdedy CoM acceleration was
determined by dividing the GRF data by t
gravitational acceleration from the vertical GRF datae GiRF data were filtered with a

6th order lowpass filter with a cuoff frequency of 20 Hz, while a similar lepass filter

with a cutoff frequency of 60 Hz, 60 Hz and 90 Hz were applied to the Trunk, Pelvis and
Tibia acceleration dategspectivelyTheaccelerometer filtering ctaff frequencies were
determined from a sensitivity analysis, see details in AppendiXhe.raw Catapult
acceleration data were not filtered, as the accelerometer data from the commercial GPS
embedded accelerometers accordimg tt he aut horsé knowl edge
used in the field. Resultant accelerations were calculated from the individual axes for the
accelerometry and CoM acceleration data. The-@potindcontacts on the force

platform were determined from thertieal GRF, where touch down and take off events
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were created when the vertical GRF crossed a 20 N threshold. The following variables
were calculated from the accelerometry and CoM acceleration data for each trial: peak
resultant acceleration (Peak Acd)etaverage loading rate (Loadirage) defined as the

average gradient of the resultant acceleration data from touch down to Peak Acc within
the first 140 ms of the stance phase; the impulse (Impulse) calculated as the integral of

the resultant acceleratimver time.

2.2.4.Statistical analysis

A linear regression analysis was used to explore the within task relationship between Peak
Acc, Loadingrate, Impulse of the CoM acceleration and accelerometry from the different
accelerometers. In addih, a linear multiple regression using the three laboratory
accelerometers was used to explore if accelerometry from multiple accelerometers would
improve the relationship with the variables obtained from the CoM acceleration. The
linear regression analgs were performed using SPSS (Version 22, SPSS Inc., Chicago,

IL, USA).

Onedimensional Statistical Parametric Mapping (SPM) was used to explore the within
task relationship between Peak Acc from the different accelerometer locations and CoM
accelerationacross the entire stance phase for the Run, Cut45 and Cut90 tasks
respectively. The SPM analysis is andimensional statistical approach of the
traditionally Gdimensional linear regression and a@nple t test approach performed

in SPSS(Pataky, 2012) SPM analysis makes it possible twpre the relationship
without having to impose the temporal focus l{Rataky et al., 2013}hat may occur in

the Gdimensional linear regressiop@oach described above, because of the between

task variation in the GRF pattern. The SPM analysis will reveal the periods of the stance
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phase where Peak Acc from the individual accelerometers is significantly related to the
CoM acceleration.

6EWwd [ 6 0Q@W@dw| o -0 [Equation2.1]

The slopes of the regression line between Peak Acc from the Catapult, Trunk, Pelvis and
Tibia accelerometerb(, b2, b3 andb4, resgctively) and the CoM acceleration were
computed at each time node (t) of the stance pttaggation 2.1yesulting in betaf)
trajectoriesthird row Figure 23). Theséb trajectories were computed for each participant
and were subsequently submitted @opopulation level onresample t test, yielding
statistical curves (SPM({t}) for each of the four accelerometers describing the strength
and slope of the relationship between Peak Acc and CoM accelefatiaih fow Figure

2.3). The significance of each SRtjflwas then determined topologically using random
field theory(Adler and Taylor, 2007)with an alpha level at 0.0125, for each of the three

tasks Run, Cut45 and Cut90, respectively.

2.3.Results

The segmental acceleration data overestimated the CoM acceler@atiume( 22) and

whole-bodybiomechanical loading variables regardless of {asile 2.1).

a) Run CoM b) Cut45 ¢) Cut90

4 Catapult 4 4
— Trunk
Ko
o3 3
Q
3 \ \
g2 2 \
=}
w
&

1 X 1

0 0

0 25 50 75 100 0 25 50 75 100 0 25 50 75 100
Time (%stance) Time (%ostance) Time (%ostance)

Figure 2.2: Representative examples of the ressul CoM acceleration and resultant
acceleration from the Catapult and Trunk accelerometer for the Run, Cut45 andatut90
5 m-$-. All curves are normalised over the stance phase (%).
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Table2.1: Peak Acc, bading Rate and Impulse for all tasks (Run, Cut45, Cut8@paproach
speeds (B m)Aos CoM accelerations and the fonodymounted acelerometersThe values
presented are meagsstandard deviationand n = 80 trails in total for each task.

COM Catapult Trunk Pelvis Tibia
M = SD M = SD M = SD M = SD M £+ SD
Peak Acc (g)
Run 2 m-g 1.32+£0.30 2.82+0.60 3.78+1.13 4.56+1.70 8.02+2.77
Run 3 m-¢ 1.56 £0.33 3.33+0.69 4.52+1.22 5.38t1.57 10.47+ 3.65
Run 4 m-g 1.80+£0.30 2.79+0.80 5.09+1.32 6.38+1.72 14.25+ 3.78
Run 5 m-g 1.85+0.41 2.82+0.89 534+1.75 7.39£2.48 20.36+ 5.39
Cut452 m-3 1.40+0.34 2.81+0.63 3.73£1.19 4.90+2.11 8.69+ 3.54
Cut453 m-s 1.72+0.38 3.41+0.79 452+1.30 6.06+1.89 11.62+ 3.86
Cut454 m-st 2.04+£0.42 2.92+1.09 5.40+1.56 8.62+3.20 16.83+5.19
Cut4d55m-3 2.25+0.49 3.10£0.95 578+x1.65 11.36+4.89 18.95+5.99
Cut90 2 m-3 1.49+£0.37 3.10+£0.82 3.99+1.38 5.52+2.40 9.92+4.15
Cut90 3 m-s 1.90+£0.50 3.89+0.96 5.01+1.49 8.73+4.71 14.37£ 6.27
Cut90 4 m-3 2.08+0.51 2.86+1.03 508+1.36 10.33+4.28 16.95%+6.26
2Cut90 5 m-g 2.28+0.51 3.05+1.04 535+x156 1253+545 19.85+5.72
Loading rate (gs?)
Run 2 m-¢ 186+4.6 31.7x9.8 56.2+24.2 83.6+38.2 233.1+111.8
Run 3 m-&¢ 22.7+55 38.3+10.9 70.7x27.1 116.9+45.0 318.8+166.8
Run 4 m-¢ 30.8+11.1 34.6+16.6 83.4+28.6 146.4+52.1 463.6+176.5
Run 5m-s? 448 +18.4 51.9+£16.8 93.1+34.2 191.9+73.7 731.4+£249.9
Cut45 2 m-3 154 +£3.8 30.8+10.5 54.9+26.7 87.8+53.3 261.8+141.3
Cut453 m-s 19.8+6.5 38.4+12.1 67.3x28.1 126.2+57.9 355.3+128.3
Cut454 m-s 36.9+ 20.2 45.8+18.2 86.2+36.4 202.8£96.8 565.7+234.3
Cut455m-3 52.7£26.2 63.6+19.3 97.1+36.2 266.1+ 145.7 690.7+ 315.3
Cut90 2 m-s 18.3+£10.7 33.7+13.1 55.0+£285 92.4+53.6 301.2+180.1
Cut90 3 m-s 32.8+20.9 42.8+17.1 69.5+26.6 154.8£88.6 446.1+224.2
Cut90 4 m-3 441 +23.6 52.8+£13.0 71.9+24.6 199.4+105.6 567.9t 268.5
2Cut90 5 m-g 56.3+21.4 65.3+15.8 76.9+28.6 247.2+126.6 701.0+237.9
|l mpul se (g
Run 2 m-¢ 0.25+0.04 0.42+0.03 0.43+x0.04 0.51+0.04 0.75+£0.09
Run 3 m-g¢ 0.24 £+ 0.04 0.40£0.03 0.41+0.04 0.50+0.05 0.84+0.09
Run 4 m-¢ 0.24 £0.04 0.38+£0.04 0.39+0.05 0.51+£0.05 100+0.11
Run 5 m-g 0.21+£0.04 0.33+£0.05 0.34+0.05 0.47+£0.08 1.14+0.14
Cut452 m-3 0.28+0.05 0.47£0.04 0.47+0.04 0.55+0.05 0.81+0.11
Cut453 m-3 0.30+£0.04 0.46£0.05 0.47+x0.05 0.57+0.06 0.93+0.12
Cut45 4 m-s 0.31+0.04 0.46£0.06 0.49+0.07 0.63+£0.08 1.12+0.15
Cut455m-3 0.29+0.04 0.41+£0.07 0.46+x0.07 0.62+0.13 1.25+0.21
Cut90 2 m-3 0.35+0.06 0.55+£0.08 0.56+0.08 0.64+0.09 0.92+0.14
Cut90 3 m-3 0.38+0.05 0.58+0.08 0.60+0.09 0.72+0.13 1.09+0.20
Cut90 4 m-3 0.41+0.06 0.58+0.09 0.68+0.10 0.80+0.13 1.28+0.27
2Cut90 5 m-g 0.38+0.06 0.54+£0.09 0.66+0.10 0.81+0.12 1.44%+0.25
2 One of the participants was notallleo per f orm the four Cut90 ftirials

(n = 76 for this task).
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In general, the Catapult and Trunk accelerations were the closest to the CoM acceleration,
followed by Pelvis and Tibia accelerations regardless of task and leaoiahterest. The
loading variables increased with an increase in approach speed regardless of task and

accelerometer location.

Weak to moderate within task relationships were observed between the segmental
acceleration data and CoM acceleration ddtable 22). The Catapult and Trunk
accelerometry data most strongly predicted wiady Peak Acc and Impulse whereas
Pelvis and Tibia accelerometry data were the strongesdictor of Loading Rate
regardless of task. The addition of multiple accelerommetanly showed minor

improvements of the relationship with the CoM acceleration loading variables.

Table 2.2: Within task linear regression values 4Ror Peak Acc, Loadg Rate and Impulse
between the€CoM &acceleration and acceleration data from the individual accelerometers and
multiple laboratory accelerometers

Trunk  Trunk Trunk, Hip

N Catapult Trunk Pelvis Tibia & Hip & Shank & Shank

Peak Acc ()

Run 320 0.26 0.20 0.08 0.26 0.21 0.31 0.31

Cut45 320 0.42 0.32 035 050 0.42 0.52 0.54

Cuto0 3162 0.55 046 048 0.34 0.60 0.53 0.61
Loading rate (gs?)

Run 320 0.27 041 029 045 0.47 0.56 0.56

Cut45 320 0.38 0.34 059 045 0.59 0.49 0.62

Cuto0 3162 0.36 0.32 059 043 0.62 0.49 0.4
| mpul se (gAs)

Run 320 0.26 0.25 0.13 0.02 0.26 0.26 0.26

Cut45 320 0.26 025 0.17 0.10 0.27 0.29 0.29

Cut90 3162 0.59 0.57 044 0.27 0.57 0.57 0.57

2 One of the participants was not able to perform the four Cut90 trials with an approach ¢pee'd mA s
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Figure 2.3: SPM1D regression analysis of the Run task for the four-laaaty accelerometers,
all curves are normalised over the stance phase (%). The top row shows a representative
accelerationfrom the four approach speeds and accelerometer locations fquastieipant
The second row shows the CoM acceleration, coloured according to the peak acceleration from
the same participant for all tri adpants.Thehe t hi
specific b curve generated from the data in
shows the statistical relationship (SPM{t}) between Peak Acc and CoM acceleration across the
entire stance phase. Shaded areas indicate a signifiedattonship (p<0.0125) between Peak
Acc from the accelerometer and CoM acceleration.

The SPM analysis for the Run and Cut45 task generally showed that peak segmental
accelerations, regardless of accelerometer location, were significantly positive t@lated

the CoM accelerations during the -I18% of the stance phase with the strongest
relationship from the 180% of the stance phagfigure 23 and 24). While a
significantly negative relationship were observed for all accelerometers from-8%45

of the stance phase between peak segmental acceleration and CoM acceleration for the

Run task before take off where the CoM acceleration were low (FigR)re 2.
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Figure 2.4: SPM1D regression analysis of the Cutéask for the four bodworn
accelerometers, all curves are normalised over the stance phase (%). See Figure 2.3 for a
detailed explanation of the data displayed in the individual rows.

For the Cut90 task, Peak Acc and CoM acceleration was in geneitalgsignificantly
related to the CoM acceleration in the initial part of the weight acceptance ph&&8410
stance phase), apart from the peak Tibia acceleration which also demonstrated a positive

significant relationship from 780% of the stance phafégure 25).
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Figure 2.5: SPM1D regression analysis of the Cut90 task for the four-laaay
accelerometers, all curves are normalised over the stance phase (%). See Figure 2.3 for a
detailed explanationf the data displayed in the individual rows.

2.4.Discussion

The aim of the study was to investigate the association between -bdue
biomechanical loading and segmental accelerations measured fromwbady
accelerometers. The segmental acceleration aatsistently overestimated the whole
bodybiomechanical loading variables investigated in this study regardless of task and a
weak relationship was observed between segmental acceleration and CoM acceleration.
Furthermorethis study showed that peak segnat acceleration data is primarily related

to wholebodybiomechanical loading in the 1480% of footgroundcontact.

Body-worn accelerometry only measures the acceleration of the segment it is attached to

and therefore according to our results it is eguate to measure the acceleration of the
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whole body due to the complex medggment motion during team sports movements.
Furthermore, this linear relationship has previously been questioned, because the
relationship between lower limb segmental accalmmaand wholebody loading is
influenced by the kinematics of the lower limbs at initial fgodundcontact(Derrick,

2004) The difference between accedgon of individual segments and the acceleration

of the whole body can explain thensistent overestimation of peak wholedy loading

from bodyworn accelerometers observed in this study. These results are in line with the
weak relationship previoushbserved between peak resultant accelerations from a GPS
integratedtrunk-mountedaccelerometer and resultant peak GRF during running and

change of directions at similar intensit@gundersitz et al., 2013)

The peak segmental accelerations measured with the Catapult and Trunk accelerometers
were the closest to the peak CoM acceleration. This may be explained by the attenuation
of the acceleratiorsignal as it travels up through the bo@yamill et al., 1995) In

addition, the trunk segment represents the largest proportion of the-bdtyemass
(49.7%) compeed to the pelvis (14.2%) and tibia (4.7%) segmébesmpster, 1955)

which may explain why theegmental acceleration of the trunk best represented the
acceleration of the whole body in the cur
also explain why the twarunk-mounted accelerometers demonstrated a higher
relationship with the impulse ohé¢ CoM acceleration as the impulse represent the
acceleration measurexer time. This indicates that the current practice of positioning
GPSintegratedaccelerometers on the trunk may be the best location to represent the
accumulated wholeodybiomechantal loading to which team sport players are exposed

in the field.
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The results from this study showed that tibial segmental accelerations were not a good
indicator of wholebodybiomechanical loading. Howevgdibial segmental accelerations
could potentily provide valuable information about the impact forces the lower
extremities are exposed to during initial fgwbundcontact. Studies on overuse injuries

in running have for instance showed that runners with previous stress fracture history
were expose to high initial peak ground reaction forces dmgher loading rate than
runners with no previous stress fracture histétyeljac, 2004) The potential of using

tibia mounted accelerometer to monitor initial loading rate in team sport is supported by
the results of this study as the tibia mounted accelerometer demonstrated a higher
relationship with wholéody loading rate than th&unk-mounted accelerometer.
Consideration should therefore be given to accelerometer location in team sports based

on themechanical variable of interest.

The GPSntegratedaccelerometefCatapult)consistently measured lower accelerations
than the Trunk laboratory accelerometer, and the Peak Acc was slightly delayed in the
Catapult datasee Figure 2). The difference in sampling frequencies (Catapult: 100 Hz,
laboratory accelerometer: 1000 Hz) may explain the systematic difference between the
two trunkmountedaccel er omet er s. The commerci al
ability to measure peak acceleratidaring high frequencynovements has previously
been questioned when compared to laboratory accelerometers with a higher sampling
frequency(Kelly et al., 2015; Lake et al., 2014ihcreasing the sampling frequerafithe
commercidGPS integratedccelerometers may improve their ability to represent the true

accelerations experienced in team sports.

The Statistical Parametric Mapping analysis enabled us to investigate the relationship

between peak segmental accetems from bodyworn accelerometry and CoM
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acceleration across the stance phase. This analysis showed that peak segmental
accelerations, regardless of accelerometer location, were strongest related to CoM
acceleration from the 180% of the stance phadeeak segmental accelerations, which
previously have been used to investigate wAtadybiomechanical loading in daily life
activities (Meyer et al., 2015; Rowlands and Stiles, 20d42ps in this and previously
studies to validate wholbody loading from bodyvorn accelerometryTran, 2010;
Waundersitz et al., 2013an therefore describe only part of tiemechanicaloading

the bodyods soft t 1 s stigreuwdcontsict. @ryiny dosusedpeak o d
segmental accelerations to understand whboldy biomechanical loading during foot
groundcontact in team sport movements could therefore be misleading. Additional
information other than peak segmental acceleratiomeésled to better represent the
whole-body biomechanical loading across the stance phase in dynamic sports

movements.

Our results indicated that thelationship between peak segmental acceleration and
whole-body loading is task dependent. The differevlogerved between the two change
in-direction tasks may be explained by the difference in the segmental and CoM
acceleration patterns during the stance phase with a clear initial peak after touch down in
the Cut9Qask (Figure 2.4) compared to the latecurcence of peak CoM acceleration in

the Cut45 task (Figure 2.3). Furthermotee CoM accelerations of the Cut45 task
indicated that approach speed changed the shape of CoM acceleration pattern while the
accelerometer trace remained consistent (Figuneah@thereby affect the relationship

with the peak segmental acceleration.

Limitations within this study include the attachment of the individual accelerometers

which may have resulted in errors in the accelerometry signal due to the movement of the
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accderometer relative to the segment. The attachment methods and locations were chosen
with a combination of ideal an applied approach in mind for potential use in team sports.
Fixing the accelerometer directly to the skin may have improved the accuraocy of th
accelerometer data but this is currently less feasible in an everyday field context. In
addition, lower filtering cubff frequency of the accelerometry data may have improved
the relationship with the CoM accelerations, as previously demonstrated f&r GP
embedded accelerometéisan, 2010; Wundersitz et al., 201Bowever it was beyond

the scope of this stly to determine the optimal coff frequency as this most likely will

be dependent on task and intensitgking it difficult to apply optimal filter settings in

the field. Importantly though, improving tihelationship with specific cuff frequencies

does not change the fundamental issue with the use ofveody accelerometry to
estimate CoM acceleratioss it only measures the accelerations of the segment it is

attached to and not the accelerations of the whoty.

The assumption of a simple |inear relatic
where segmental accelerations is measured frony-odn accelerometers is not
sufficient to determine the linked muiegment dynamics of the whole body during team
sports movements in the field. For instance when this linear assumption is used to
investigate the relationship between GR&&gratedaccderometry data and risk of soft

tissue injuriegColby et al., 2014; Ehrmann et al., 2016p better estimate whelsody
acceleration, the multibody dynamics of a complex system, such as the human body, must
be acounted for. Future studies should not assume that a linear approach is sufficient to
estimate the mechanical external force acting on players in the field but investigate the

application of multisegment models for this purpd$errick et al., 2000)
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Although a linear relationship exists between bagyn accelerometry (e.g. GPS
integratedaccelerometers) and what®dy acceleratios the assumption of a simple

l i near relationshi p, bas elouldbeusddemwittcaunod.s s e
Practitioners should therefore be careful wagtempts are made to monitor, summarise

and evaluate théiomechanical load the playergeaexposed to from boedyorn
accelerometry or associated to soft tissue injury risk. New methods need to be developed
to use bodyworn accelerometry to more accurately explain wAbmdy biomechanical

loading in dynamic team sports.

2.5.Conclusion

Whilst a weaak to moderate correlation was observed between segmental accelerations
from bodyworn accelerometry and can reveal useful estimations of witalg
biomechanical loading in team sports movements, particularly in the fi#@%0of foot
groundcontact, tle linear relationship is weak regardless of accelerometer location and
task. Bodyworn accelerometry only measures the acceleration of the segment it is
attached to and is inadequate to measure the acceleration of the whole body due to the
complex multisggment motion during team sports movements. Practitioners should
consider the weak to moderate linear relationship betweenwordyaccelerometry and
whole-body biomechanical loading when interpreting the accelerometry data in this

context.
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Chapter 3 Generalisability of masgringdamper model

The aim of this studyas toestablish the generalisability of a magzing damper model
to simulate ground reaction forces during team sports movemdiits study
demongtted that the masspringd a mp e r model 6s generali sa
reaction forces from team sports movemevds strong, though largenean differences

and limits of agreements were observed for the 90° side cut at high intensities

3.1.Introduction

Human running is sprirtike in nature as the elastic tissues of the support leg absorb and
return elastic energy. Simple sprintass models have therefore been used to explore the
mechanics of runningAlexander & al., 1986; Blickhan, 1989; McMahon and Cheng,
1990) The simplest and most widely used spimgss model consists of a mdsss
spring attached to a point mass represen
models have primarily been used to diésevertical stiffness andeg stiffness during
running calculated as a ratio between the maximal force and maximal leg compression
or maximal vertical displacement of the CpiMspectivelyFarley and Gonzalez, 26;
McMahon and Cheng, 1990; Morin et al., 2Q0B)e stiffness data obtained from these
models ha for example been used to explore running econ@alleau et al., 1998;
McMahon et al., 1987hanges in stiffres at different running velociti€Brughelliand
Cronin, 2008)or fatigueeffects on performanaguring long distance runnirn(@egache

et al., 2016; Morin et al., 2006; Morin et al., 201Mjddle distance runninfirard et

al., 2013)and repeated sprints and high intensity runii@igard et al., 2016a; Girard et

al., 2016b; Taylor and Beneke, 2012)

The principle of the springnass model is that the vertical ground rieactorce (GRF)
can be estimated as a haihe wave from the vertical movement of the mass. The spring

is compressed in the first half of the stance time as the CoM moves downwards until mid
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stance at which time the CoM reaches its lowest position. Iseitend half of stance the
CoM is accelerated upwards as the stored elastic energy is released generatisig@ half
wave GRF with a single peak at rsthnce(Alexander et al., 1986; Blickhan, 1989;
McMahon and Cang, 1990)It is however welknown that GRF patterns deviate from
this pattern depending on festrike (Lieberman et al., 2010junning spee(Clark et al.,
2014; Hamil et al., 1983)xnd/or level othe athletdClark and Weyand, 2014As the
body is exposed to higliequency impact forces when the foot collides with the ground,
an impact peak is often present in the initibhge of stance, particularly in hdéeé
running (Bobbert et al., 1991; Nigg et al., 19%4)d cutting manoeuvrd8esier et al.,
2001) These impact forces are passively absorbed by the soft tissues of the lower limbs
(bones, cartilage, ligaments, tendo(®pbbert et al., 1991py the position of the joints
(Bobbert et al., 1992; Derrick et al., 200@pd activelyby the muscle¢Christina et al.,
2001) The commonly usedpringmass modetonsisting of a single mass and a single
springdoes not account for ¢tenergy absorbed by the shock absorption of the support

leg in the initial stancphasgAlexander et al., 1986; Derrick et al., 2000)

To model the GRF pattern during heeé running a modified maspringdamper model
(MSD-model)with a second mass in series with a spdiagnper is needed. Suamodel

hasbeen successful in estimating both the impact and active vertical peak for straight line
running at 3.83 ns! (+ 5%) (Derrick et al, 2000) An understanding of this mods!
generalgability to other running speeds, atwlrunning actions typically seen team

sports (football, hockey, basketball etag largely unexploredin team sportshe

majority of playing time is speni running related utility movements such as jogging,
accelerations/decelerations, sprinting and chrandirection at different intensitiei
Salvoetal.,, 2007Asaconsequencéo t hese movements the pl a

cartilage, muscles, tendons and ligaments) are put Umo®echanical load and over
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time the accumulation of this load will result in strengthening on the one hand, but it can
also lead to weakening asdbsequently injury, on the other hgitieljac, 2004; Kjaer

et al., 2009; Nigg et al., 1995f a MSD-modelis capable of estimating GRF patterns
from a variety of movements such as running at different inteasatnd when changing
direction, then this couldbe used togain a better understanding of whdledy
biomechanical load during team sports. The aim of this study was therefore to explore the
generalability of a MSD-model to estimate GRF during runningdaside cuttingat

different running speeds.

3.2.Methods

Twenty recreational male team sports athletes (age 22 + 4 years, height 178 = 8 cm, mass
76 + 11 kg) completed four straight line running trials (Run), four anticipated 45° (Cut45)
and four 90° side cuittg trials (Cut90) at approach speeds of 2, 3, 4 and 3 (#-5%)

in a randomised task order. Approach speeds were measured with photocell timing gates
(Brower Timing System, Utah, USA) positioned 2 m apart and 2 m from the centre of the
force platform a described iWanrenterghem et al., 201190 participants had any hisyor

of severe lower limb injuriesThe study wasapproved by thdnstitutional ethics

committee and written consent was obtained from all participants.

3.2.1.Measured GRF

Ground reaction forces of one ground contact were measuredmétsiRE with a
sampling frequency of 3000 Hz from a Kistler force platf¢®287C, Kistler Instruments

Ltd., Winterthur, Switzerland). Participants ran over the force platform with their
dominant leg during the Run trials. The cutting task was performed at the time that their
dominant leg made contact with the force platformirduthe Cut45 and Cut90 tasks,

making an open cut towards the aominant side (similar to cutting task as described
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in Vanrenterghem et al., 20LZ5RRneasuredVere exported to Matlab (Version R2015a,
The MathWorks, Inc., Natick, MA, USA) where touch down and take off was defined for
each trialbased orthe vertical GRF crogsg a 20 N threshold. GRkasuredVere filtered

with a 4" order Buttervorth low-pass filter with a cubff frequency of 20 Hz.

3.2.2.Mass-spring-damper model

A MSD-model consisting of a lower ma@sp) on top of a springlamper combination

and an upper magsu) on top of another spring (Figu®l) was usedin this study
(Alexander et al., 1986; Derrick et al., 200&ight natural model parameters were
determined to describe the motion of the model: the pospirafd velocity ¥1) of the

upper mass, the paisin (p2) and velocity ¥2) of the lower mass, the mass ragpdf the

| ower mass relative to the participantos
(¥1%) and lower spring%2?), and the dampening rati@)(of the damper. The model

paramegrs were defined as describedAppendixE.

m1 t
-mlg
mi1 [ F1=k1(l1 {xi—xZJJT

ExI
......... : F1
Upper Ef
Spring 1 m2
cv2
— N
o] -m2
Lower Spring o ox2 g
& Damper F21 | evz
J7 7777777777 777777777
Ground Ground

Figure 3.1: lllustration of theMSD-model and a freéody diagram of the model.
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The equatiosof motion of theMSD-modelaredescribed in Equatior&l and3.2, where
a1 and a2 are the acceleration of the upper and lower mass respectively ianithe

acceleration due to gravityy81 m-<).

W 0 T 7 N Q [Equation3.1]
W 0 TN 1 _n N ¢3 v Q [Equation3.2]

Finally, the GRF acting on the&lISD-model (GRmode) could be estimated as described

in Equations3.3, where M is the total mass.

"0YO —1 1 ¢ [Equation3.3]

3.2.3.0Optimisation Routine

The eight model parameters were determined for each trial from a gradient descent
optimisation routine in Matlab to estimate GRé (Figure3.2). The two second order
differential equations (Equatier3.1 and 3.2) were transformedo four first order
differential equations which were solved numerically using a Runge Klittarder
methodto determine the eighthodel parameters. THASD-model was fitted to the
resultant GRReasuredather than tandividual vector components of GR¥ecause the two
cutting tasks (Cut45 and Cut9flgarlyinvolvedthreedimensionamovementshat were

not represented along one single primary lab axis (e.g. vertical)aoy primary plane

(e.g. sagittal plane)he best fit between GREsured@Nd GRImodeiwas determined as the

sum of squared errors (SSE) across the contact fEgaation3.4).

"Y"YOB OY'O 5 OYO 0 [Equation3.4]
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Figure 3.2: Flow-chart of the purpose built gradientsent opimisation routine used to
estimate GRFRodet

The initial search parametefsr the optimisation routinevere determined from @vo-

step process including 1) typical model parameters present@drligk et al.(2000)for

running and 2) median parametargoss tasks and approach speeds frgrardcipants

(see detail ilAppendixF). The initialsearch parameteos each parameter were split into

a range of 5 values creating am@odel parameter solution from which the solution with

the smallest SSE wased to determine the search direction for the gradient descent
optimisation. Furthermore, the parameter range obtained from the isgégich
parameterdetermind the size of the search window (boundary conditions) of the
gradient descent optimisatiorf.dny model parameter reached the boundary condition
after the gradient descent optimisation, the search window was shifted and the gradient
descent optimisation was repeated. The gradient descent optimisation was restricted to
progress in a maximum of 50@erations or until the SSE was less than 0.001. The
GRFmeasuredvere downsampled to 100 Hz teducecomputation timeExamples of the

SSE and model parameter histéigm the gradient descent optimisation routaieng

with the associated GRbuelis displayed in Figure 3.3.
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Figure 3.3: Thetop row display the SSE history from the gradierdog@at optimisation. The
second row display GREasured@nd GRFodeiCalculatedfromtheinitial search paramets
(ISparam) and the model parameters from iteration 0, 100, 300 and 500 (ltera). The polar plots
in thebottomrow display the model parameter history from the initial search parameters to
iteration step500 (in scaled dimensionless values).

3.2.4.Data procesing

The GRMeasured@nd GRoserwe r e nor mal i sed to the part.i
further normalised for the duration of stance time. The ability ofMi&-model to
estimate specific GRF loading characteristics was evaluated using the following GRF
trajectory characteristics: impulse, calculated as the integral of GRF across the stance
time; impact peak, defined as peak GRF within the first 25% of the stance time; time to

impact peak, defined as the time from touch down to the impact peak; avesdge|
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rate, defined as the average gradient from touch down to the impact peak; active peak,
defined as peak GRF in the last 75% of stance time; and time to active peak, defined as
the time from touch down to the active peak. These GRF variables, staac8%E, and
the eight model parameters, were averaged per condition for each individual participant.
One of the participants was not able to complete the Cut90 condition with an approach
speed at 5 ms and therefore all statistical analyses for thisdition only included data

from 19 participants.

3.2.5.Statistical analysis

Similarities between GRizasuredand GRmodel Were interpreted from the magnitude of
SSE, being poor (>78-kgt-ms?), moderate (255 N-kg!-ms?), good (1625 N-kg

L ms?), and very good (<1WN-kg*-ms?h). A two-way ANOVA analysis was used to
evaluate the effect of task and approach speed on the SSE. Pairwibegastlyses,

with a Bonferroni corrected alpha level set at 0.0125, were used to test for any significant
differences between tasks or approach speeds. Linear regression analyses were used to
explore the withircondition relationship between the GRF loading variables calculated
from the GReasurea@nd GRoder The magnitudes of the linear relationships were
interpreted as described KiHopkins et al., 2009)The tweway ANOVA and linear
regression analyses were performed using SPSS 22.0 (SPSS Inc. Chicago, IL, USA).
Finally, BlandAltman analyses were used to explorghwm conditions the mean
difference (bias) and the 95% limits of agreement (LoA) between the GRF loading

variables calculated from GREsure®®Nd GRmodel (Bland and Altman, 2010)
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3.3.Results

TheMSD-model was able to mimic the GRé&suredvith moderate to very gocgimilarity
across the different conditis Figure 34). Thebest and worst similaritwere observed

for Run GSE betweeg.5 + 1.6and5.8 + 2.4N-kg!-ms?) and Cut90 $SE betweef.9

+ 6.3and33.8 + 16.8N-kg'-ms?), respectively, and the SSE generally increased
showing less similat with increagng approach speed34ble3.1). The main effect
from the tweway ANOVA analysis showed that SSEssignificantly affected by both
task and approach speed (taskzfr= 69.5,p = <0.001; approach speedsB7= 22.2,p

= <0.001).Posthoc analysis revealed that mean SSE was significantly higher for Cut45
compared to Ryrand that SSE for Cut90as significantly higher than both Run and
Cut45 {Table3.1). In addition SSE for the two fastest approach speeds (4 and fm-s

wassignificanty higher than the two slowest approach speeds (2 and§.m-s

Table3.1: Mean + standard deviation f@SE K-kg*-ms™) for the individuaktasks and approach
speedsMean differenceand 98.75% confidencatierval (Cl) of the differenca SSE between
tasks and approach speefddpha = 0.0125)btained from théwo-way ANOVA angosthoc
analysis.

Run Cut45 Cut90
2m-s? 25+1.6 3.3£19 9.9+6.3
3 m-s? 3.3+23 5.6+4.0 18.0+15.1
4 m-st 41+21 13.9+10.7 29.1+£19.2
5m-s? 58+24 17.3+13.8 33.8+£16.8
Mean 98.75% CI
PostHoc . p - value
Difference Lower Upper
Run vs. Cut45 -6.1 -10.8 -1.4 0.00r
Run vs. Cut90 -18.6 -23.3 -13.9 >0.00F
Cut45 vs Cut90 -12.5 -17.2 -7.8 >0.00F
2m-sti 3 m-st -3.7 -9.5 2.1 0.293
2m-sti 4 m-st -10.5 -16.3 -4.6 >0.00F
2m-sti 5m-st -13.5 -19.3 -7.6 >0.00F
3m-sti 4 m-st -6.8 -12.6 -0.9 0.002
3m-sti 5m-st -9.8 -15.6 -3.9 >0.00F
4m-s'i 5m-st -3.0 -8.9 2.8 0.652

* Indicates a significant difference between tasks or approach speeds (alpha = 0.0125).
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Figure 3.4: Representative example of GREuredS0lid black line)and GRFoqei(dotted grey
line) and theassociateSE for the conditions investigated in this study.

Very strongcorrelations (R 0.9 to 1.0) were found for the majority of GRF loading

variables calculated from GREusuredand GRRodel across the different tasks and

approach speeds (TabB). Overall the GRF loading variables showed smabes

(GRFRnodetunderestimaig or overestimang the variables from GRizasure} and smaller

LoA (within condition variability) for the Run and Cut45 tasks compared to the Cut90

task(Figure3.5). The Cut45 at théastest approach speeds (4 and 5nstowed larger

bias and LoA than the Run for impact peak, loading rate and active peak. Larger bias and
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LoA were in particularly observed for the Cut90 task compared to the Run and Cut45

tasks for impact peak, time tmpact peak, loading rate and active peak.

Table3.2: Mean + standard deviation and fr the extracted GRF variables from the GREured
and GRegeifor the individual tasks and approach speeds.
Run Cut45 Cut90
GRFmeasured GRFmodel R?  GRFmeasured GRFmodel R?  GRFmeasured GRFmodel  R2
Impulse (N-s-kg™)
2m-s! 4102 41+02 099 45+04 4504 099 5206 53+07 0.98
3ms! 40+03 40+02 100 45+05 45+05 1.00 54+08 55+08 1.00
4m-ss?! 38+03 38%03 1.00 45+05 45+05 100 58+08 58%09 1.00
5ms! 3.3+04 32+04 100 40+05 40+05 1.00 53+07 53+08 1.00
Impact peak (N-kg?)
2m-s! 186+1.8 185+1.9 0.96 182+20 18121 0.95 204+33 19.6+25 0.94
3m-s! 200£23 202+24 098 206+24 204+22 096 249+52 234+39 0.95
4m-sl 229+27 231+24 099 258+43 249+34 093 27.7+53 250+4.1 0.88
5m-s! 256+28 255+26 098 289+50 27.8+45 095 294+46 26.7+41 0.96
Time to impact peak (ms)
2m-st  81£12 82+11 098 79%15 80+14 098 7720 83+18 0.85

3m-s? 66 +9 678 094 62 =14 66+11 0.90 50+ 16 68+18 0.82
4m-st 54+7 55+7 0.90 50+ 12 54+12 0.90 55+14 63+19 0.87
5m-st 44 +4 47+5 0.80 44 +8 46+9 0.93 46 +8 51+12 0.81

Loading rate (N-kg*-s?%)

2m-st 235+54 233+50 0.92 245+73 237+66 0.94 3071126 263+104 0.91
3ms? 310+74 312+68 0.92 361+113 331+86 0.93 474+193 405+171 0.94
4m-st 438+99 434+86 0.96 559+178 511+161 0.97 550+198 487+215 0.94
5mss! 584+91 561+86 0.92 684+207 645+186 0.99 659+165 612+201 0.97
Active peak (N-kg™)

2m-st 225+22 225+22 096 22.7+28 23.0+27 099 226+3.0 229+3.0 0.93
3ms! 249+20 25020 096 255+26 259+26 096 245+29 249+3.0 091
4mst 270+17 271+16 098 273+26 279+26 093 238+27 251+29 094
5m-st 27.1+25 274+24 098 283+3.0 289+3.0 094 245+35 256135 0.94
Time to active peak (ms)

2m-st  125+14 126+16 0.83 143+25 144+26 0.88 169+49 167+44 0.96
3ms! 109+14 109+15 0.89 125%23 124+23 090 137+32 139+33 074
4m-s? 92+14 93+14 0.92 108+22 106 +24 0.75 126+33 131+40 0.88
5m-s? 68 £ 17 65+16 0.84 84 + 23 85+25 093 122+26 123+28 0.76
Stance time (ms) from GRRmeasured

2m-s? 331+38 332 +43 368 + 63
3m-s? 274 £ 27 284 + 32 33451
4m-st 231+21 256 +32 351+61
5m-s? 195+ 19 218 £ 29 316 £ 58
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Figure 3.5: Results from the Blardltman analysis, showing the mean difference (marker) and
95% limits of agreements (error bar) for the Run (solid square), Cut45 (solid circle) and Cut90
(open circle) across the differetaisks andapproach speeds.

The average model parameteepart frompz, saw limited changewithin tasks or
approach speeds, similadid p2 vary the most within tasks (Figure 3.8heillustrative

polar plots of theeightmodel parameters displayed in Figa8a4 and3.7 showed thaé;

¥12, ¥22 andg varied the most across the different GRF patterns observed in this study.
Generaly higher values of¥ 12 (the natural frequency of the upper spring) were for
example observed for the Run task compared to the two cutting tasks, whereas the
smallestvalues ofy2? (the natural frequency of the lower spring)rev@bserved for the

Cut90 taskTable 3.3)
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Figure 3.6: Polar plots displaying the mean (black line and circles) and standard deviations

(dottedgrey line) of the model parameters (in scaled dimensionless values) across all
conditionsand for the individual tasks and approach speeds.

Table3.3: Mean * standard deviation of the eight model parameters for the individual tasks and
approach speeds

p1 p2 Vi V2 =y ¥1? ¥ s

(m) (m (msh) (msh) (@u (N-mtkgh) (N-mtkg!) (au)

RuN 2 m-s 0.00 0.01 -1.00 0.19 4.42 616 2771 0.53
+0.03 +0.01 +0.54 +0.33 #2.70 +339 +1905 +0.53

Run 3 m-s 0.00 0.00 -1.16 -0.14 6.43 765 3989 0.53
+0.01 +0.01 =057 +£0.24 £8.49 +448 +3496 +0.52

RuN 4 m-st -0.01 0.00 -1.26 -0.09 3.80 810 3973 0.41
+0.01 +0.01 *=0.27 £0.40 241 +465 +2288 +0.36

RUN 5 m-s -0.02 0.00 -1.11 -0.05 2.97 878 4804 0.33
+0.02 +£0.00 =0.20 £0.23 *1.64 +542 +2364 +0.10

Cutds 2 m-st 0.00 0.00 -1.10 -0.22 3.98 400 4063 0.31
+0.02 +0.01 +0.40 +£0.37 #3.19 +345 +2688 +0.20

Cutds 3 m-st -0.01 0.00 -1.33 -0.22 3.94 400 4719 0.32
+0.03 +0.01 +0.37 +0.31 #2.61 +216 +2928 +0.37

Cutds 4 m-st -0.02 0.00 -1.65 -0.22 3.20 443 4083 0.34
+0.03 +0.01 =045 +£0.48 £2.62 +287 +2559 +0.19

Cutd5 5 m-st -0.03 0.00 -1.47 -0.02 3.32 638 4164 0.31
+0.03 +0.01 =040 £0.67 £2.33 +465 +2075 +0.13

Cut90 2 m-st 0.01 0.01 -1.41 -0.41 2.53 307 2481 0.31
+0.06 +0.02 *+0.74 +0.68 £2.63 +239 +2374 +0.21

Cut90 3 m-st 0.02 0.02 -1.74 -0.57 251 344 2296 0.35
+0.08 +0.03 +0.88 +0.83 #3.09 +309 +2172 +0.17

Cut90 4 m-st -0.06 0.01 -1.68 -0.34 3.82 277 2963 0.31
+0.12 +0.03 +0.48 +1.00 +4.89 +336 +2455 +0.16

Cut90 5 m-<! -0.07 0.01 -1.82 -0.18 3.88 244 3808 0.31
+0.10 +0.03 +1.01 +£0.97 +5.08 +234 +2434 +0.21
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Figure 3.7: Examples of th#1SD-models ability to estimate the range of different GRF paster
(GRFneasureds thesolid black line and GRkoqelis thedottedgrey line) observed in this study
betweerparticipants tasks and approach speeds. The SSE {Nvig)) and polar plots
displaying the model parameters (in scaled dimensionless valugbgfidividual trials.

3.4.Discussion

The aim of this study was to explore the gensallity of amassspringdamper model
to estimate GRF in running and chargyirection at different running speeds. THSD-
model was able to mimic GRF patterns obsemetis study with moderate to very good
accuracyLess similaritypetween modelled and measured GiriSobservedn both side

cutting tasksin addition significantlybetter similarity wasbserved for the two slowest
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approach speeds (2 to 3 Mysompared to the fastest approach speeds (4 to 3)nThe
biomechanically most relevant features of the GRF trajectories could be represented
through the model astrong(R?: 0.7 to 0.9) to vergtrong(R? 0.9 to 1.0) correlations

were found between the GRFading variables calculated from GR&surec@Nd GRmodel

for all conditions, despite largbrasand LoA observeth Cut90.

The moderate to very goatimilarity between GRireasurec®@nNd GRmodeiacross tasks and
approach speegsnd small mean differee in the impulsgllustrated that a simplé1SD-

model can mimic GRF patterns and itsiomechanically relevant features for utility
movements at different intensitids.fact, the differencsin impulse between GRfzasured

and GRmoderobserved across tesand approach speeds in this stugyesmaller than

what was previously observed Derrick et al.(2000)for runningat3.83m%( 1 9. 9 NAs
& 0 N-2kgl). In comparison the mean difference in impulse observed in this study
was 0.01IN-s-kg? for running at 4 m-$, which is similar to the difference in impulse (

1. 3 19.82N-s:fg?t) observed byerrick et al.(2000)after thér 10% adjustment of
GRFmode+ Derrick et al.(2000)only included the spring constants of the upper and lower
spring k andkz) and the position of the lower mags)(in their optimisation routine.

The damping ratio was for example kept constart @.35), whereast was included in

the optimisation routine in the present study. Damping ratios befv@g&and0.53were
observed between conditions in the present study, which is within the range previously
reported for runningCavagna, 1970; McMahon and Greene, 1978 additional model
parameters included in our optimisation routimegy explairthe fact that better agreement

for parameters such as impulse was fontthis stugy compared to the study Berrick

et al.(2000)
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Team sport players spend the majority of playing time performing running related utility
movements at different intensities, amshwhichchanges in directioarein general
characterised by a large deceleration of the body followedh [@geeleration to push off

in a new directiorfJones et al., 2016; Jones et al., 20These movements can to some
extent fail to follow springike behaviouy particularly wherthe energybsorbedluring

the deckeration is larger thanthat which the body is able to generat@hen
(re-)accelerangthe body in a new directiofhe CoM velocity at the end of feground
contactwould then bdower than the CoM velocity at theeginningof foot-ground
contact andthe return of energy ithenlikely postponedo the following stepsvhenthe

body isalreadymoving into the new direction. This was confirmatroughfull-body
kinematics, as the average resultant CoM velocity decreased by 0.24 + 04fom-s
Cut9Q compared to 0.13 + 0.12 and 0.16 + 0.04 thfsr Cut45 and Rujrespectively.

This energy absorption therefore likedxplaired why theMSD-mo d el 6 s famccur ¢

representing GRwas lowest for the Cut90 task.

Strong to very strong correlations were observefbr the GRF loading variables
investigated in this study demonstrating that thedel estimates follow measured
variations closelyThough the accuracy of the GRF loading variables estimated from the
model decreased for Cut90 task, we believe these uaddroverestimations asill
within an acceptable range for this simple model approach to estimatelf@RiEteristics
acting on the human bod@RF loading variables are largely unexplored in team sports,
but the simpleViISD-model approach might help resehers explore if accumulation of
high impact forcesimpulse or loading ratesreassociated with increased riskoveruse
injuries in team sports, something which has already been demonstrited distance

runnerg(Hreljac, 2004,)
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TheMSD-modelshowed to be the least accurfatleGRF patterns characterised by a high
impact peak, loading rate and long stance times, such as the examples of that @ut90
and 5 m-g displayed in Figures.8 and3.7. The model especially underestimated the
impact pek when the stance time increasedrrick et al.(2000)demonstrated that the
MSD-mode] due to its sprindjke behaviour, increases the stance time by decreasing the
natural frequencies of the two springs{andy2?). This is similar to the results ofased

in this study where the change in direction tasks had the longest stance time3(Zjable
and the lowest natural frequencies of the two spring$ &nd ¥,?) (Table 33). The
impact peak was however systematically underestimated as a consequehee of t
decreased spring stiffness. The natur al
lower extremities which can absorb and return elastic energy. It might very well be the
case that for shorter contact times the body is increasingly able te titiéizstiffness of

its tendons (e.g. the Achilles tendon), something which was suggested to be the case when

jumping towards different heigh(¥anrenterghem et al., 2004)

There are a number bimitations tothisstudy. One limitation is the fact thie approach

speeds and tasks included in this study do not cover all of the agility movements team
sports player perfor m. 8&lbilitytoisimgldteaGRE gom t h e
runningvelocities higher thah m-s* remains unknowrthough it mght be expected that

the model can mimic these GRF trajectories because GRF patterns previously presented
for sprinting Clark and Weyand, 20)4re largely similar to those predicted in this study.
Another limitation is that the simplifieMSD-model doesot account for the energy
generated by the bodyds fAactiveodo structu
could account for these it is questionab
would improve the simulation of GRF trajectories. A tHinditation is that the gradient

descent optimisation routine used in this study may find local minima and not the true
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global minimum. A number of local minima (model parameter solutions) might exist
close to the global minimum due to the number of mpdekmeter solutions which exist
close to the global minimum. The gradient descent optimisation was however believed to

be sufficient for this study.

The eight model parameters, required to estimate GRF from MI&D-model, are
currently obtained from GRfeasured by a force platform, which to some extent limits
the application of théISD-model in team sportszor wider applicability, esearchers
should investigate if the model parameters can be established from other mEdnods.
example, pofessional teansport players currently wearunk-mountedaccelerometers
during training(Akenhead and Nassis, 2016; Cummins et al., 208Bhough these
accelerometers only measure the accelerations of the {Nedergaard et al., 2016;
Wundersitz et al., 2013juture studieshould explored itrunk accelerometry can be
used to establish the eight model parametérthat is the case, themne could start
estimaing GRF from MSD-mocels using model parameter®btained from trunk

accelerometry

3.5.Conclusion

In conclusion, this study demonstratbata massspringdamper model is generadisle
for estimaing GRF patterns ancelatedloading variables observed duriagproad range
of movementsin team sports. Th&SD-model approach may well beme auseful
approachfor researchers to estimate whaledy biomechanical loading in team spqrts

which could be invaluable for linkingiomechanical load to injury risk
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Chapter 4 A new approach to pred8RF from trunk accelerometry

This study was presented at th AzSP1 RE Spor t Science Con:
Athlete Training Load$ The Hows and Whys o TheraimDbfdib a , Q
studywas tointroduce a novel masspringdamper model approach to estimate ground
reaction forces from trunrknountedaccelerometry in team sports related movemditts.
massspring-damper modéb upper mass acceleration was able to simulate the mexhsu

trunk accelerometry data. Though poor ground reaction forces were predicted from the
direct approach a sensitivity analys$the eight model parametemvealedpromising

improvements of thground reaction forc@redictions

4.1.Introduction

Team spds players generate forces against the ground to move their body around the
pitch e.g. during tasks such as walking, sprinting, accelerating, decelerating and changing
direction.This comes at a cost because equal and opmpsited reaction forces (GRF)

from the interaction with the groundre acting on their bodgnposingthep | ayer 6 s s
tissues undebiomechanical stress (bones, cartilage, muscles, tendons and ligaments)
(Dye, 2005; Kibler et al., 1992; Niggt al., 1995) Over time the accumulation of
biomechanical load can result in beneficial structural adaptations e.g. repair, regeneration,
and strengthening of the playeroés soft t|
acute injurieslependingn thevolume frequency, duration and intensity of the |caul
recoveryperiod(Dye, 2005; Kibler et al., 1992; Nigg et al., 1996yeruse injuriesre

per definition a result of the cumulative tissue damage tiwe (Clarsen et al., 2015;

Finch and Cook, 20149nd monitoring of thebiomechanical load maghereforehelp
researchers and practitioners to better understand the relationship betweebody

biomechanicaldad and softissue overuse injuries in team sports.
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Measurement of GRFa surrogate for wholbody biomechanical loads currently
restricted to laboratory environments where force platfambsilt to the ground are
considered as the gold standardrteasureéhe GRF acting on the bodyWinter, 2005)
This makes it difficult to monitor theiomechanical load® which a player is exposed
from the external GRFRduring training session®r mdach-play. Researchers and
practitioners hee therefore focused orthe relationship between the exposure to
physiological loadneasurement&.g. total distance covered or distance covered at high
intensity runningsession duration dependent rating of pesed exertioh and overuse
injuriesin the current literaturéEhrmann et al., 2016; Gabbett, 2010; Gabbett and Ullah,
2012) More recently it has been ggested that the accelerometer integratedhe
commercialGPS devices, which are used on a daily basis in professemaral sports
(Akenhead and Nassis, 2016; Cummins et al., 2048) be used to estimate the GRF
acting on t h €Boyg letaay.,e 200 sHoweverd the GPS integrated
accelerometas known to overestimate GRF during team sports mover(idatergaard

et al., 2016; Wundersitz et al., 2013)

The challenge with trunknountedacceleromey is thatitd o es not measur e
centre of mass (CoM), buinly the accelerations of the segment it is attached to
(Nedergaard et al., 2016)his is thereforaot sufficient to determine the mulegment
dynamics of the body during dynamic movemeitse to the sprindike behaviour of

the human body during running, where thlastic tissues of the support leg absorb and
return the elastic energy, simg@pringmass modelbavebeen used to estimate the CoM
displacement and running mechanics of the human l{gthxander et al., 1986;
Blickhan, 1989; McMahon and Cheng, 1990he vertical GRF can be estimated as a

half sinusoidalvavefrom the vertical movement of timeo d emaésss (t he syst e

of mass)ut thissimple springmass model approach is insufficient to estimate tiialin
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impactforceswhen the footollides withthe groundAlexander et al., 1986; Bobbert et
al.,, 1992; Clark and Weyand, 2014 modified masspringdamper mode(MSD-
model)with a second mass in series wits@ingdamper, representing the support leg
at initial impact, has been successful in overcoming this issue, and allowsreplctite
the GRF pattern of humans during runn{Berrick et al., 2000and change in direction
at different intensities (Chapter.3 is however still unknown ithe eight model
parameters required to estimate GRF from the M&idlelcan be establishedoim trunk
accelerometry dat@.g. from a GPS integrated acceleromef@rg aim of this study was
thereforeto explore the opportunitio generate the eight MSBodel parameters from
measuredrunk accelerometrand thereby predict the GRF duritgam spas related

movements.

4.2.Methods

Twenty recreational male team sports athletes volunteered to participate in this study (age
22 + 4 years, height 178 £ 8 cm, mass 76 + 11 kg). No participants had a history of severe
lower limb injuries (e.g. ACL injuries aankle sprains). The study was approbgdhe

institutional ethics ammittee and written consent walstained from all participants.

4.2.1.Protocol

The participants completed four forward straight line running trials (Run) and four
anticipated 45{Cut45)and bur 90 (Cut90)open sidecutting manoeuvreat approach
speeds of 2, 3, 4 ands st (+ 5%) in a randomised condition ordBarticipants ran over

the force platform with their dominant leg during the Run trials and performed the Cut45
and Cut90wvhenthar dominant legnade contact witthe force platform (turning in the

direction of their nordominant leg).Approach speeds were measured with photocell
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timing gates (Brower Timing System, Utah, USA) positioned 2 m apart ante&fore

the centre of the foe platform.

4.2.2.Measurements

Resultant trunk acceleratio(iIBrunkAcGneasurej Were collected at 100 Hz using adxial
accelerometer embedded within a commercial GPS device (MinimaxX S4, Catapult
Innovations, Scoresby, Australidhe GPS device was pasiied on the dorsal part of

the upper trunk between the scapulae within a small pocket of a tight fitted elastic vest
according to the manuBogdetal, P0dY)Resultantgroundnme n
reaction brces were measured (GREsurey With a sampling frequency of 3000 Hz from

a Kistler force platform (9287C, Kistler Instruments Ltd., Winterthur, Switzerland).
TrunkAcCGneasured and GReasured Were exported to Matlab (version R2046 The
MathWorks, Inc.Natick, MA, USA) wherea 4" orderrecursiveButterworth low-pass

fiter with a cutoff frequency of 20 Hz was applied to the GRisured and
TrunkAcGneasureddata. In contrast to Chapter 2, TrunkAgGsuredvas filtered in this study

to remove the high éguency content of the signal before it was used as model input, as
this was expected to improve the models ability to replicate the trunk accelerometer
signal. TrunkAcGneasure®Nd GRmeasuredveresynchronised as described in Nedergaard

al. (2016)(see details in AppendiX) and buch down and take off on the force platform

weredefined for each trial when the verti€@RF crossed a 20 N threshold.

4.2.3.Accelerometry MSD-model

The multidynamics of the human body was modellechasassspringdamper model
(MSD-model) consisting of a lower magsy) on top of a springlamper combination
representing generally the support leg at initial impact an upper magex) on top of

another spring representing generally the rest of the (#ddyander et al., 1986; Derrick
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et al.,, 2000) The GRF acting on the MSBodel (GRmode) Can mathematically be
calculated Equation4.3) from the equation of motion of the two masses (Equatddns

and4.2) wheneight initial model paraeters are knowrthe position 1) and velocity

(v1) of the upper mass, the positign)(and velocity ¥») of the lower mass, the mass ratio

@ of the | ower mass relative to the par:!
of the upper €1%) and lower springX>?), and the dampening ratig) (of the damper

(Derrick et al., 2000)

wo 1 n 1 Q [Equation4.1]
® O TN 1 _n N ¢3 0 Q [Equation4.2]
‘0Y™O —1 n ¢U [Equation4.3]

Figure 4.1: lllustration of the accelerometer/MSiodel, where TrunkAggasuredS USed to
simulate the eceleration of the upper mass from which the emgittiral model parameters are
obtained required to predict GRbue

The eight model parameters were determined from a purpose built gradient descent
optimisation routine in Matlab where the decation d the upper masga;)) was
simulated using the gravity correct&dunkAcCGneasured(Figure 4.1). Assuming that the

upper mass is representative of the trunk, the sum of squared errors between the
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TrunkAcCGneasure®nNd a (SSEwunk) Was used to determine thiglet model parameters from
which the model best simulated theunkAcGneasured Equation 4.4) The structure of the
gradient decent optimisation routine (Figure2) was similar to the structure previously
described in Chapter 3, where GRuredwere ugd to determine the eight model
parameters. The initial search parameters for the optimisation routine were defined
following the same twstep pilot study approach described in Chapter 3 where the mean
model parameter values from Chapter 3 were usedtias s@arch parameters on the data
from 4 participants(see details in Appendi¥). The two second order differential
equations (Equationd.1 and 4.2) were transformed to four first order differential
equations which were solved numerically using"aofder Runge Kutta method to

calculate GRFoderand a from the eight model parameters.

"Y'YYOB Yi 62 Qo ww o & 0 [Equation4.4]

A 4

. Y
Gradient descent e
: X riteria’ optimisation of the Shift search
Input: Set ses.u_ch criteria's D els wateral window GRF gogais
Resultant Initial search arameters fo Check whether calculated
gravity | parameters . P . » any parameter from the
> > determine the >
corrected ; reached the model’s
Size of smallest SSE boundary condition tural
trunk search window between ry No 11‘51 ﬂlstl ]
accelerometry (boundary conditions) TrunkAce pegsureg Accept parameters
and a; parameters

Model parameter sensitivity analysis
generating new model parameters

Figure 4.2: Flow-chart of the gradient deent optimisatiomoutine from which the eight model
parameters were generated WHBIINKACGeasuredVas sed asnodelinput. The model
parameter sensitivity analysisdisplayed with grey dashed lines.

4.2.4.Model parameter sensitivity analysis
A sensitivity analysis of TrdtAcCmeasuredmodel parameters on the predicted RaRel

and SSkrrwas performed whereR3modeiwas recalculated with new model parameters
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(GRFmodend Using thed™ order Runge Kutta metho@he combination of the new model
parameters was defined fromethresults of 1) a comparison between the average
TrunkACGneasurel@Nd GRmeasured data from Chapter 3) model parameters and 2) a linear
regression between the TrunkAegsured@nd GRmeasuredmodel parameters. In case a
linear relationship existed, the UMkAcCGneasuredmodel parameters were-calculated

based on the slope of the linear regression to generate new model parameters.

4.2.5.Data processing

GRFmneasureawas dowrsampled to 100Hz and the sum of squared errors between
GRFmneasured@and GRodel Were calalated to determine the accuracy of the predicted
GRFmode+ In addition, bothSSEww« and SSErr were normalisedto stance timeto
compare between conditian$he GReasurea@Nd GRmodel Were normalised to the
participants mass The ability of theMSD-model to estimate specific GRF loading
characteristics was evaluated using the following GRF trajectory charactehspcsse;
Impact peakTime to impact peak;oading rateActive peak andime to active peak

all defined as previously described in @tex 3. The eight model parameters, &%&
SSErr and the GRF variables were averaged per condition for each individual
participant. One of the participants was not able to complete the Cut90 condition with an
approach speed at 5 nt;sand therefore hbtatistical analyses for this condition only

included data from 19 participants.

4.2.6.Statistical analysis

Similarities betweenTrunkAcGneasured@nd & were interpreted from the magnitude of
SSEwnk, being poor (>0.5gfframes), moderate (@-0.5 gfframes), good (0.10.2
gfframes), and very good (<0.bfframes). The similarities between GREasuredand

GRFmodeiwere interpreted from the magnitudeS8Esrr, being poor (>2 N/kgfframes),
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moderate 10-25 N/kgfframes), good (210 N/kgfframes), and very good (<1
N/kgfframes). A oneway ANOVA analysis was used to evaluate the effect of task and
approach speed respectively on the @&Bnd SSkrr. Pairwise poshoc analyses, with

a Bonferroni corrected alpha level set at 0.0125, were used to test for any angnific
differences between tasks or approach speeds. Liegession analysesere used to
explore the withircondition relationship between the GRF loading variables calculated
from the GRmeasurea@nd GRoder The magnitudes of the linear relationshipsrev
interpreted as described Wopkins et al., 2009)The oneway ANOVA andlinear
regression analyses were performed using SPSS 22.0 (SPSS Inc. Chicago, IL, USA).
Finally, BlandAltman analyses were useddgplore within conditions mean difference
(bias) and the 95% limits of agreement (LoA) between the GRF loading variables

calculated from GRheasure®®nNd GRImodel(Bland and Altman, 2010)

4.3.Results

4.3.1.Simulation of upper mass acceleration

The optimisation routine found a solution in 938 out of 956 trials (RL6:320; Cut45:
319:320; 303:316 trials) when af the MSDmodel was fitted td runkAcGneasured The
MSD-model was able to simulate the acceleration patterns afrtihnk ACGneasuredWith

good to very good accuraegross tasks and intensities (Tadblk), though agenerally
underestimated the magnitude of the first peak in the acceleration signal during the stance

time (Figured4.3,4.4 and4.5).
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Table4.1: Mean + standard deviation for S&k« (g/frames)and SSExe (N/kg/frames) fothe
individual tasks and approach speeds. Trials with&S&bove 5000 were removed before mean
and standard deviationsvas calculated for SSkr, a total of 82 trials were removed (Run: 19
trials; Cut45: 30 trials; Cut90: 33rials).

Approach Run Cut45 Cut90
Speed SSEunk SSE:rr SSEunk SSEsrr SSErunk SSE:rr
> mest 0.4 269 0.4 544 0.08 387
+0.03 +357 +0.03 +812 +0.07 +361
3m.st 0.06 375 0.07 500 0.13 374
+0.04 +432 +0.05 +612 +0.08 +446
Am-st 0.07 463 0.12 362 0.14 427
+0.06 555 +0.13 +419 +0.11 577
5m.st 0.07 385 0.09 561 0.13 226
+0.06 509 +0.09 1644 +0.11 +306
TrunkAccmeasured al GRFmeasured GRFmodel
4 40 P,
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Figure 4.3: Exampleof TrunkAcGeasured(black line),a: (dashedgrey line), GRmeasured(black
line) and GRRodel(dashedgrey line) for the Run from a representative participant. The polar
plots display the model parameters (in scaled dimensionless values) for the individual trials.
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Figure 4.4: Example offrunkAceeasured(black line),a; (dashedgrey line), GRReasuredblack
line) and GRRogei(dashedgrey line) for the Cut45 from a representative participant. The polar
plots display the model parameters (in scaled dimensionéigss) for the individual trials.

82



Chapter 4 A new approach to pred@®RF from trunk accelerometry
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Figure 4.5: Example offrunkAceeasured(black line),a; (dashedgrey line), GRReasuredblack
line) and GRkogei(dashedgrey line) for the C @0 from a representativegsticipant. The polar
plots display the model parameters (in scaled dimensionless values) for the individual trials.
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The smallest SSknwas observed for the Run (S@k between 0.8+ 0.083and 0.07 £

0.06 g/framescompared to the two change ineafition tasks (SSkn between 0.0 +

0.03 and 0.14 * 0.09 g/framgdn addition, the main effect from the enay ANOVA
analysis showed that Sk« was significantly affected blyoth task 2 227=11.8,p =<
0.00]) and approackpeed [3227= 5.8 p = 0.00]). The posthoc analysis revealed that
mean SSkink from the Cut90 was significantly higher than the Run and Cut45, and that
the mean SSknk at 4 and 5m-st was significantly higher than the S&k at 2 m-s?

(Table4.2).

Table 4.2: Mean difference and 98.75% confidence interval (Cl) of the difference inu@SE
(g/frames)between tasks and approach speeds (alpha = 0.0125) obtained from theayne
ANOVA poshoc analysis.

Mean 98.75% CI

Difference Lower Upper p-value
Run vs. Cut45 -0.02 -0.06 0.02 0.263
Run vs. Cut90 -0.06 -0.10 -0.02 <0.001
Cut45 vs Cut90 -0.04 -0.08 0.00 0.007
2m-stvs. 3m-s? -0.03 -0.08 0.01 0.173
2m-stvs. 4m-st -0.59 -0.11 -0.01 0.001
2m-stvs. 5m-s? -0.46 -0.09 0.00 0.015
3m-stvs 4m-s? -0.03 -0.07 0.02 0.466
3m-stvs. 5m:-s? -0.01 -0.06 0.03 1.000
4m-stvs 5m-s? 0.01 -0.03 0.06 1.000
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Despite the good to very good match betweeandTrunkAcGneasured POOr SSErFWeEre
observedegardless of task and approach speed for the accelerometenid@&® (Table
4.1). The lowest average:, p2, V1, V2 values were generally observed for the twdingt
tasks compared to the RuFaple4.3). The lowesty 12 and¥ 2? values were observed for
the Cut90 ¢ 1% between 314 401 and 47& 450N-kgt-ms?; ¥2% between 144& 1296
and 2511 1471N-kgl-ms?t) compared to the Cut45 and Rumt between 38& 433

and 755 671N-kgt-ms?t; ¥,% betweer2571+ 1427 and 3404 1427N-kgt-ms?).

Table 4.3: Mean * standard deviation of the eight model parameters from the
accelerometer/MSBnodel for the individual taskand approach speeds.

p1 p2 Vi V2 > ¥1? ¥ 22 c
(m) (m) (ms') (ms?) (au) (N-kg'ms?!) (N-kg'ms?) (au)
Run 2 m-s’ -0.03 -0.01 -0.60 -2.22 3.42 542 2571 0.29
+0.03 x0.03 +0.19 *1.32 +£2.69 +504 +1427 +0.18
Run 3m-s’ -0.02 -0.01 -0.71 -2.04 3.00 755 2885 0.25
+0.05 0.04 +0.17 1.77 +£3.00 671 +1851 +0.13
RuN 4m-s? -0.03 -0.02 -0.72 -2.32 3.11 740 3246 0.23
+0.05 #+0.04 +0.17 +1.81 +2.88 +581 +1930 +0.14
RUN 5 m-s’ -0.05 -0.03 -0.59 -2.38 2.55 745 3404 0.22
+0.06 #0.05 +0.23 295 +2.14 +605 +2047 +0.18
cutds m-st -0.04 -0.02 -0.71 -2.59 3.42 385 3044 0.22
+0.05 #0.05 0.18 £2.07 +4.34 +433 +1466 +0.17
Cutds 3m-s? -0.04 -0.01 -0.89 -3.03 3.51 452 3317 0.18
+0.05 #0.05 +£0.23 254 +3.52 +519 +1702 0.14
Cutds 4m-s? -0.06 -0.03 -1.03 -3.36 3.48 541 3002 0.22
+0.07 x0.06 +0.34 3.17 +3.64 +519 +1984 +0.18
Cutd5 5m-s? -0.06 -0.03 -0.98 -3.13 3.85 620 3143 0.20
+0.06 #0.05 +0.34 +3.17 +3.09 +589 +1817 +0.21
Cut90 2m-s? -0.06 -0.02 -0.94 -4.28 2.86 314 2511 0.24
+0.05 #0.05 +0.31 #3.65 +3.80 +401 +1471 +0.19
Cut90 3m-<? -0.09 -0.04 -1.24 -4.74 4.79 414 2305 0.24
+0.13 #0.10 +0.49 529 +6.44 +549 +1637 +0.26
Cut90 4m-s? -0.11 -0.06 -1.60 -3.72 4.46 413 1446 0.35
+0.11 +0.08 +0.58 +3.89 +4.39 +449 +1296 +0.34
Cut90 5m-s? -0.11 -0.06 -1.55 -4.58 4.31 478 1730 0.36
+0.12 +0.09 +0.61 +5.36 +3.94 +450 +1672 +0.41
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4.3.2.Model parameter sensitivity analysis
The average model parameter values/fpe-andy1? were similar to the values obtained
from the GRF fitting (Chapter 3), whergasp., v» deviated the most from the GR&sured

model parameters, especially foetGut90 taskKigure4.6).
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Figure 4.6: Polar plots displaying the mean model parametarsaled dimensionless values)
acrossall tasks and for the individual tasks. The grey circles display the averadel
parametersdr TrunkAceeasured@nd the black circles display average model parameters f
GRFmeasured(Chapter 3

A relationship(Figure 4.7, though it was weak to moderate? (Rtween 0.01 and 0.61),
was observed fgu, (R% 0.17),v1 (R% 0.61), ¥12 (R% 0.60)and¥2? (R 0.36)between

average model parametersrh TrunkAcGneasure®Nd GRmeasured Chapter 3)
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Figure4.7: Linear regression between Trunkfeguedhorizontal axis) and GRfesured
(vertical axis) model parameters. Each circle represents the participants mean within task
parameters (Run: circleCut45: square and Cut90: diamond). Mean within task parameters
outside the 95% prediction interv@dashed lineyvere not included ithe regression analysis.
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GRFmodeinpWas calculated from five new model parameter combinations to explore if this
would improve the predicted GRkier The new model parameters were created using

the TrunkAcGneasured model parameterdrom the optimisationroutine and/or the
parameters were kept constant based on the average model parameter values found in
Chapter 3, and/or thErunkAcaGneasurednodel parameters were recalculated fronstbpe

of thelinear regression where a relationship existed. The spe&&fv model parameter
combinations and representative exampleSRFmodenefrom Run, Cut45, and Cut90 at

an approach speed o s? are displayed ifrigure4.8.
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Table4.4: Mean *standard deviation for SSkr (N/kg/frames) for GRfodeinps GRFnodeinpsand GRRnodeinpsacross the individual tasks and approach speeds. Trials
with SSkrrabovel00 were removed before mean and standard deviations were calculated, the number of trials removed are indicated in brackets.

GRFmodeINPS (88) GRFmodeINP4 (82) GRFmodeINPS (76)

Run (11) Cut45 (9) Cut90 (68) Run (11) Cut45 (13) Cut90 (58) Run (16) Cut45 (30) Cut90 (30)
2m-st 18 +10 17 £ 10 23+15 19+10 18+9 22 +29 16 +11 14+8 14+7
3m-st 19+8 19+14 28+ 12 20+8 20+ 12 29+13 24 + 17 21 +15 29+ 19
4m-s? 20+ 10 29+ 16 45 + 18 23+9 31+16 43 £21 35+16 44 + 24 42 £ 21
5m-st 35+19 46 + 20 55+ 21 38+17 46 + 18 47 + 18 52+18 51+16 51+22
PostHoc .Mean 98.75% ClI o - value .Mean 98.75% CI b - value Mean 98.75% CI b - value

Difference Lower Upper Difference Lower Upper Difference Lower Upper
Run vs Cut4s -5 -13 4 0.287 -4 -12 4 0.447 -1 -11 9 1.000
Run vs Cut90 -14 -23 -6 <0.001* -10 -18 -2 0.001* -2 -12 8 1.000
Cut45 vs Cut90 -9 -18 -1 0.006* -6 -14 2 0.061 -1 -11 9 1.000
2m-stvs 3m-st -3 -12 6 1.000 -4 -12 5 1.000 -10 -19 0 0.010*
2m-stvs 4m-s? -11 -21 -2 <0.001* -13 -21 -4 <0.001* -25 -35 -16 <0.001*
2m-stvs 5m-s? -26 -35 -17 <0.001* -24 -32 -15 <0.001* -37 -46 -27 <0.001*
3m-stvs 4m-s? -8 -18 1 0.034 -9 -18 -1 0.006* -16 -25 -6 <0.001*
3m-stvs 5m-s? -23 -33 -14 <0.001* -20 -29 -12 <0.001* -27 -37 -17 <0.001*
4m-stvs 5m-s? -15 -24 -5 <0.001* -11 -20 -2 0.001* -11 -21 -2 0.002*

* |ndicates a significant difference between tasks or approach speeds (alpha = 0.0125).
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The new model parameters used for GREnpz GRFnodeinet aNd GRmodeines had the
highest number of trials with a S&k& below 25 N/kg/frames and similarly these model
parameter combinations were able to reduce the number of trials with arr@BEve
150 N/kg/frames compared to GRfene and GRmodenr2 (Figure 4.8). Poor to good
SSErr (between 14 £ 7 and 52 + 18 N/kg/frames) was observed across tasks and
approach speeds for GRédeinps GRFnodeinpa@Nd GRmodeines(Table4.4). The lowest
SSEsrrwere observed for the two slowest approach spémstedenl4+ 7 and 2% 19
N/kg/frames) compared to the two fastest approach speettgeer?0+ 10 and 52+ 18
N/kg/frames) and the main effect from the am@y ANOVA analysis showed that
SSEsrr Was significantly affected by approach speed (fdadmrs Fs 2z = 30.3,p = <
0.001;GRFmodeinm: F3,227= 30.0,p = < 0.001;GRFmodeinms: F3,227= 54.8,p =< 0.00). In
contrast, the SSdrrwas only significantly affected by task for GReings (F2,227= 11.7,

p = < 0.00) and GRodeine (F2,227= 7.2,p = 0.00), but not for GRRodeins (F2,2207=

0.2,p = 0.829.

The posthoc analysis revealed that mean §s8rom the 5m-s? approach speed was
significantly higher than the other approach speeds fornaiRkrz GRFmodeine @and
GRFmodeinms. In addition, theposthoc analysis showed that mean &&aErom the Cut90
was significantly higher than both the Run and Cut45 for Gkiez but only
significantly higher than the Run for the GRknr (Table 44). Representative
examples of GRkodeine and GRmodenrs for the different tasks and approach speeds are

displayed inFigure4.9.
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Figure 4.9: Examples of the GREasuredblack lind, GRFnodeinez(dashed grey line),
GRFnogeines(dotted grey line) for the ddrence tasks and approach speeds from a
representative participant3.he SSErr (N/kg/frames) and polar plots displaying the
model parameters of the four model parameters that was not kept constant.
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4.3.3.GRF loading variables

GRF loading variabke were not calculated for GR&el because of the high S&&
observedor for GRRnodene due to the similarities in SSkr between GRogeinpzand
GRFmodeinm (Table 44). Therefore, the GRF loading variables were only calculated for
GRFmodeinpzand GRmodenes. Trials with SSkrr above 100 were removed before the
GRF loading variables were calculated, as such a total number of 88 and 76 trials were
removed fromGRFmodenez (Run: 11 trials; Cut45: 9 trials; Cut90: 68 trials) and

GRFmodeins (Run: 16 trias; Cut45: 30 trials; Cut90: 30 trials), respectively

Table4.5: Correlation (F) values from the linear regression analysis between the GRF variables
from GRFeasured@Nd GRIpsand GRps respectively.

Run Cut45 Cut90
GRFmodeinps  GRFmodeines  GRFmodeinps  GRFmodeines  GRFmodeines  GRFmodelnps
Impulse
2m-s?t 0.49 0.20 0.62 0.69 0.56 0.73
3m-s? 0.41 0.67 0.64 0.79 0.78 0.86
4m-s? 0.80 0.84 0.64 0.75 0.71 0.81
5m-s? 0.84 0.86 0.69 0.67 0.40 0.81
Impact peak
2m-s? 0.25 0.14 0.31 0.18 0.04 0.40
3m-s? 0.21 0.08 0.32 0.12 0.42 0.02
4m-s? 0.11 0.00 0.54 0.01 0.00 0.19
5m:-s? 0.51 0.15 0.20 0.11 0.29 0.42
Time to impact peak
2m-s?t 0.80 0.46 0.22 0.54 0.34 0.54
3m-s? 0.68 0.59 0.52 0.34 0.19 0.26
4m-st 0.31 0.23 0.47 0.04 0.41 0.39
5m-s? 0.42 0.49 0.23 0.16 0.41 0.19
Loading rate
2m-s? 0.62 0.43 0.06 0.22 0.07 0.13
3m-s? 0.39 0.52 0.30 0.33 0.08 0.22
4m-st 0.08 0.07 0.44 0.41 0.09 0.13
5m:-s? 0.57 0.32 0.29 0.21 0.43 0.03
Active peak
2m-s? 0.29 0.34 0.69 0.57 0.48 0.56
3m-s? 0.71 0.44 0.71 0.51 0.61 0.42
4m:-st 0.48 0.42 0.30 0.38 0.47 0.64
5m-s? 0.70 0.58 0.16 0.37 0.51 0.30
Time to active peak
2m-s? 0.37 0.01 0.75 0.62 0.38 0.27
3m-s? 0.36 0.22 0.68 0.24 0.39 0.09
4m-st 0.01 0.00 0.50 0.25 0.16 0.27
5m:-s? 0.16 0.23 0.44 0.52 0.52 0.07
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Impulse showed the strongest correlations with moderat®(R0.5) to very strong (R
0.7-0.9) correlations across tasks and approgméed Table 4.5), with mean within
condition Impulsefor GRFnodeins (between 3.6+ 0.3 and 5.6+ 0.6 N A s)/ akdy
GRFmodeins (between 3.5 0.3and 5.9+ 0.7 N A s)/clksg to the Impulse observed for
GRFmeasured(between 3.3 0.4 and 5.8+ 0.8N A s)/ Skgll (R: 0.1-0.3) to very strong
correlations were observed for Active peak, with mean Active pealestimations
between 0.1 and 5.R-kg? for GRFmodens and between 0.1 and 118-kg?t for
GRFmodeinss (Table 4.6). Trivial (R% <0.1) to strong (R 05-0.7) correlations were
observed for Impact peak, with mean Impact paakestimations between 0.9 and 7.6

ngl for GRFmodeins and between 1.2 and 1Z|N1kgl for GRFmodeiNm.
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Table4.6: Mean * standard @viation for the GRF loading variables from GREuedbold font), GRFwrs and GRFRves for the individual tasks and approach speeds.

Run Cut45 Cut90

GRFmeasured GRFmodenp3 GRFmodenps GRFmeasured GRFmodeNp3 GRFmodenps GRFmeasured GRFmodeNP3 GRFmodenps
Impulse (N-s-kg™?)
2m-s? 41+0.2 42+0.2 45+0.2 45+0.4 46+0.4 4.8+0.3 5.2+ 0.6 5.1+0.4 54+0.4
3m-s? 4.0%£0.3 4.1+0.3 4.3+0.3 45+05 46+0.4 4.7+0.3 5.4+ 0.8 5.3+0.5 55+0.5
4m-s?t 3.8£0.3 3.9+03 4.0+£0.3 45+05 45+0.3 46+0.4 5.8+ 0.8 5.4+0.5 5.9+0.7
5m-s? 3.3+ 0.4 3.6+£0.3 3.5+0.3 4.0+£05 4.2+0.4 4.3+ 0.5 5.3+ 0.7 5.6+ 0.6 5.6+ 0.6
Impact peak (N-kg™)
2m-s? 18.6+ 1.8 19.5+1.8 16.8+1.5 18.2+ 2.0 189+ 2.3 17.0+1.7 20.3+ 3.5 18.7+2.3 17.0£1.5
3m-s? 20.0+ 2.3 20.9+ 2.5 18.2+1.8 20.6£2.4 19.9+2.9 18.4+ 2.3 24.6+ 4.7 20.2+ 2.5 17.3+2.7
4m-s? 22,9+ 2.7 21.0t2.4 194+2.1 25.8+ 4.3 21.5+4.1 18.4+2.1 27.0£ 4.9 21.9+ 35 17.2+ 3.2
5m-s? 25. 4 3.6 20.1+ 2.3 19.9+ 2.6 28.8+ 5.0 21.2+4.0 20.6+ 3.1 29.2+ 4.5 23.9+ 4.7 18.1+ 3.3
Time to impact peak (ns)
2m-s?t 81+12 79+ 11 69+ 13 79+ 15 7T7+12 74+ 16 77+ 21 87+13 85+ 15
3m-s? 66+ 9 6317 56+ 7 62+ 14 66+ 9 61+12 59+ 16 76+13 75+ 15
4m-s?t 53+ 7 54+ 6 52+5 50+ 12 59+ 8 57+9 55+ 14 77+£12 80+ 16
5m-s? 44+ 4 465 44+ 4 44+ 8 51+7 50+ 7 46+ 8 70+12 72+12
Loading rate (N-s*-kg™)
2m-s? 235+ 54 305+ 42 300+ 44 245+ 73 319+ 117 294+ 73 305+ 129 282+ 74 264+ 78
3m-s? 310+ 74 415+ 95 348+ 64 362+ 113 386+ 146 400+ 129 470+ 193 381+ 209 334+ 136
4m-s?t 441+ 105 495+ 124 535+ 107 560+ 179 486+ 149 559+ 166 529+ 183 398+ 95 575+ 216
5m-s? 594+ 118 584+ 136 759+ 143 678+ 206 552+ 102 751+ 156 654+ 163 451+ 153 742+ 236
Active peak (N-kg™)
2m-s? 225+ 2.2 24.8+1.2 23.6£1.2 22.7+2.8 252+ 1.7 24.3+1.7 22.7+ 29 255+ 1.8 245+ 1.7
3m-s? 24,9+ 2.0 26.2+ 1.4 24.8+1.2 25.5+ 2.6 27.0£1.9 25.9+ 1.6 24,4+ 2.9 27.2£2.0 25.4+ 2.3
4m-s? 27.0£ 1.6 27.1+1.4 25.8+1.5 27.4+ 2.6 28.2+ 2.6 26.2+ 1.6 23.7£ 2.7 28.6£2.2 25.1+ 2.6
5m-s? 27.2+ 2.8 26.8+ 1.3 25.7+1.6 28.2+ 3.1 29.3+ 2.5 27.9+ 1.7 24,5+ 3.5 29.8+ 2.6 26.0+ 2.4
Time to active peak (ms)
2m-s?t 125+ 14 143+ 10 159+ 15 143+ 25 154+ 16 163+ 16 168+ 42 173+ 20 183+ 18
3m-s? 109+ 14 134+ 15 146+ 13 125+ 23 146+ 17 156+ 17 137+ 32 165+ 20 193+ 38
4m-s?t 92+ 14 129+ 11 138+ 13 107+ 22 141+ 16 154+ 19 131+ 40 167+ 21 219+ 57
5m-s? 68+ 17 124+ 13 133+ 24 83+ 26 131+ 20 142+ 17 121+ 27 157+ 23 204+ 50
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The smallest within condition bias and LoA were gener@served for the Run whereas
the largest within condition bias and LoA were observed for the Cat@Oboth bias and
LoA generally increased with approach speedre 4.10). In general, similar within
condition bias and LoA were observed for tB&Fmoginpz and GRmodenrs, though
smaller Impulse and Impact peak (especially for the Cut90 taiak)and LoAwere
observed for the GRfdenezcompared to GRwdeines. IN contrast, the smallest Active
peak bias and LoA observed for the GRfins comparedd the GRodeines, €specially

for the Cut90 task.
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Figure 4.10: Results from the Blardltman analysis, showing the mean difference (marker)
and 95% limits of agreements (error bar) for the Run (Circle}46\(square) and Cut90
(diamond) across the differeteisks andapproach speeds calculated from GREnez(0pen
marker) and GRFogeine (filled marker).
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4.4.Discussion

The aim of this study wase explore the abilityo generate the eight natural MSbodel
parameters from measuradrk accelerometryith the purpose of predicting GRF from

trunk accelerometry durirtgam sports related movemeritee MSDmodels upper mass
acceleration was able to simulate the measured trunk accelerometer and generate the eigh
natural model parameter@espite the good to very good match between the measured
trunk accelerometry and the model 6s uppert
observed across the different tasks and approach speeds when the trunk accelerometry
derived model parameters were used to predict GRF. A sensitivity analysis of the
TrunkAcGneasuresamodel parameter did however reveal that the GRF pattern could be
predicted with moderate accuracy for running and-sidéng at low running speeds,

when thenitial model parameters were kept constamt o, 8; €) or recalculatedpb, vi,

¥12, ¥2%) based on the linear relationship observed betwBemKkACGneasured@nd

GRFmeauredmodel parameters.

The new accelerometer/MSiDodel introduced in this studyuldds on the assumption

that the accelerometer positioned on the upper trunk measures the acceleration of the
trunk segmeni{Nedergaard et al., 20l& nd t hat the model 6s u
represents the maasdmotion of the upper bodfAlexander et al., 1986; Derrick et al.,

2000) One would therefore expethat the trunk accelerometer data would be able to
generate the model parameters representing the motion and stiffness of the upper mass
and spring ff1, v1, ¥1°) with high accuracy. This was to some extent confirmed by
similarities in mean parameter ualk and high correlations observed orand ¥ 12

between theTrunkAcGneasuredmodel parameters and the traditional GEuwresmodel
parametersKigure4.6 and4.7). However, the accelerometer/MSBodel overestimated

the position of t (in)eandntleere evasone relatipnghgprwithnttees s

97



Chapter 4 A new approach to pred8RF from trunk accelerometry

GRFmeasuredd1 Values.The complexity of MSBmodel made it difficult to interpret why

the accelerometer/MSmodel only could provide useful model parametersfandy 12

and not forp:. Also, the trunk accelemetry was not able to generate accurate model
parameters related to the motion of the lower mpssrid v2) though a relationship
existed between the natural frequency of the lower spring) (obtained from
TrunkACGneasured aNd GRImeasured It is well known that the impact accelerations
experienced at the lower limbs, due to the collision between the foot and the ground, are
attenuated by the bodyos s ofamiltetiak,499® a s
Lafortune et al., 1996 nd is influenced by the joint angle (e.g. knee joint angle) at touch
down (Derrick, 2004; Lafortune et al., 1996)his may explain why the trunk
accelerometry data allowed to determine ¢hiffness of the MSBhod el 6 s | ower

(¥29).

Despite the good to very good match between the measured trunk accelerometry and the
MSD-model 6s upper mass acceleration obseryv
observed from the eight modednameters obtained from the optimisation routine. This
naturally raises the question of whether poor GRF predictions observed fraaiP e
integratedaccelerometer signal is because the accelerometer does not measure the
acceleration of the trunk well engln Previous studies have shown than @S
integratedaccelerometer is capable of accurately measuring peak trunk accelerations
during team sports movements, when filtered at aoffufrequency of 1612 Hz
(Wundesitz et al., 2015a; Wundersitz et al., 2015)e GPS integratedccelerometer

data were filtered with a loyass filter at a cedff frequency of 20 Hz in this study and
applying a filter with a cubff frequency of15, 10 or 5 Hz did not improve the ¥
predictions obtained from the accelerometer/M80bdel (seedetail in AppendixG).

Similarly, a previous study has shown that the trunk accelerometer signal is dependent on
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the accel er omet e r(Nedergsaad mtpal, 2Od@yevdrtheess,uhe nse y
of awireless laboratory accelerometetth a sampling frequency of 1000 Hzs model
input for the accelerometer/MSBnodel had no or minor influence on the optimised
model parameters, the linear relationship with the @REkednodel parameters, or the

SSEsrr (see details in Appendid).

Using vertical acceleration data from trunk kinemasissMSDmodel input, measured
with a threedimensional motion capture system, did hawveoaitive influence on the
mean model parameter values fare-ande, and strongecorrelationswere generally
observed(R? between 0.19 and 0.6Hpart fromv. (R% 0.04). Neverthelesspoor to
moderateGRF predictions were observadd the GRF predictions only got worse when
new model parameters were recalculatede(details in Appendix). Comparisons
between the accelerometry data and vertical acceleration fronk tkinematics
demonstrated thathere were deviations in the acceleration signal, #rat the
accelerometeespecially overestimatdtie acceleration of the truni the first 25% of
the stance phasieverthelesshis raises the question regarding élseelerometer/MSD
model, in particular the assumption that
the acceleration of the trunk. According to the original M&Bdel literature, the upper
mass in the MSBnodel represent the mass and motion of thieeebody apart from the
support legAlexander et al., 1986; Derrick et al., 2000his may help explain the poor
GRF predictions observedoin the accelerometer/MSmodel. This may be improved
by the constructim of a much more complex MSmDodel, defeating the overall

translational purpose of our work.

The sensitivity analysis showed that the §&Hlecreased when the model parameters

werekept constantyf, vz, & 6) or recalculatedpg, vi, ¥ 12, ¥2°) based ortheslope of the
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linear relationship observed betweBmnkAcGneasured®Nd GRmeasurednodel parameters.
Similar SSkzrrwere observed for GRkdeinaand GRmodeinpaindicating thapz only had
little influence on the predicted GRF because the only difterdetween the two model
parameter combinations was tipatwas recalculated in the former but kept constant in
the latter. Derrick et al. (2000) previously demonstrated that changgsfluenced both
magnitude and timing of the impact peak of GRE at touchdown. If the fixed or
recalculated, value for instance are higher than the optipralalue for a giving foct
groundcontact, GRFodel becomes negative at toudown, which could be the case in
the examples displayed in Figu& for GRFnodenps aNdGRFmodeine Wherepz was kept
constant. The fact that was recalculated for GRkdeinpsrather than kept constant may
explain why the smallest mean differences in the predicted and measured Impact peak
were observed for GREdeinez Furthermorep: is included in the calculation of GREgel
(Equation 4.3and thelarge variation observed between taskshis study(Figure4.6)
andin Chapter 3, indicaisthat the recalculation ofp, despite the weak correlationdR
0.17), can help improve tlgRF predictions when the accelerometer/M®Ddel is used

for a variety of utility movements.

The SSkrrwere significantly influenced by both tas{GRFnodeinez GRFnodeines) and
approach speeds (GReins GRFmodeine, and GRodeinss). The variationin model
parameters between tasks and approach spdeskrved inChapter3 may have an
influence on the model parameters which were kept congiant,(ey 6) and thereby the
SSEsrr. Nevertheless, a sensitive analysis of the fixed model parameters, (he>,

& 6) were kept constant at the mean condition values presen@thpter 3, only had a
minor influence on the mean S&&for the Run and Cut45 tasks, and actually increased
the mean SSEgr for the Cut90 task for GRigdenrz and GRmodeines (S€€ details in

Appendix J). In fact, keeping four of the model parameters constant was expected to
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impair the accelerometer/MSDo d el 6 s ability t o predict
especiallya-and ¢ which is included in the calculation of GRkiel (Equation4.3) and

vary more between different GRF pattern tpbaandv. (Chapter 3).

Thoughthe SSkrrdecreased when the model parameters Wwepe constanty, Vo, 8

g) or recalculatedpg, vi, ¥ 12, ¥ 22), adjusting th& runkAcGneasurednOdel parameterfsom

the optimisation routine to improve the predicted GRF is like solving a puzzle with pieces
from another puzzle. In other words, the optimisation routine generates the eight model
parameters that best replicate the measured trunk accelerometry datayieerrstance

time, and are therefore dependent on each other. When the model parameters are kept
constant or recalculated, the relationship between the model parameters is broken. This
might solve one problem, e.g. decreasim@nd ¥,? to decrease the magnitude of the
Active peak(Derrick et al., 200Q)but at the same time it causes a new problem because
thececreased velocity and spring stiffness
thereby the Impulse. Furthermore, a sensitivity analysis following the approach by
Derrick et al. (2000), where the model parameter data from Chapter 3 was used, showed
thatthe effect of changing the individual model parameters was highly dependent on the

stance time and the individual GRF pattésee details in AppendiX).

The predicted GRF from the new model parameter combinations n{§adfiz and
GRFmodeinm) typically underestimated the Impact peak but overestimated the Active peak.
Nevertheless, the mean difference and correlations of the GRF loading variables were
similar to those presented in the literature where GRF were estimated froamd&&s

or trunk acceleroetry. The mean difference in Impulse betweBRFneasured and
GRFmodenrs ranged from 0.08 to 0.29-s-kgt across tasks and approach speeds in this

study. This issimilar to the differences in Impulg@eviously observed bRerrick et al.
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(2000)for runnirg at 3.83m-s* ( 1 9. 9 N N-skg¥ usidg ttearaditional MSD
model. In comparison, the mean differences in Impulse for the Rumat*4observed

in this study were 0.18 and 0.BBs/kg for the GRFnodenrs and GRmodenps, respectively.
Furthermore, the correlans for Impulse, Impact peak, Active peak and Loading rate
observed in this study were similar too, and for some conditions/variables better than the
correlations previously observed between trunk accelerations from a commercial GPS
integratedacceleromedr and CoM acceleratiofNedergaard et al., 2016y GRF data
(Wundersitz et al., 2013Yhe largewithin taskvariation inthe correlations observed in

this study does however still limit the application of the current accelerometer/MSD
model for whole-body biomechanical loading in field settings. Nevertheless, the results
from this study indicate that the accelerometer/M8&del has the potential to provide
better predictions of typical wheleody biomechanical loading variables than the raw

trunk accelerometry data.

4.5.Conclusion

In conclusion, the novel accelerometer/M8iadel introduced in this study showed
promising results in predicting GRF when four of the eight natpiahv{, a; ) model
parameters derived from the accelerometer/M&klel was kept constant, and the other

four model parameterp4 vi, ¥ 12, ¥ 2%) were recalculatecbased on the linear relationship
observed between trurdccelerometry and GREasuredmodel parameters. Future work
shoul d aim at r e dutgtovagationshnetaska andl appréash sgeeds s i |
to more accurately reproduce GRF pattetrosdasks and approach spedditimately,

this will give researchers angractitioners in team sports a biomechanically sound
foundation toexplore the internamusculoskeletal structuratresses and consequent
adaptations due teexternal wholebody biomechanical load fronplayerground

interaction
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Chapter 5 General Discussion

Theaim of this chapter is to interpret and reflect on the poteajpglication of the main
findings obtained within this thesis with respect to wibmdy biomechanical loading in
team sports and in general. To better achieve this, aftelepth interpretations of
detailed findings in the individual chapters, a bhel® view will be assumed. Finally,
recommendations for future research on wHmbely biomechanical loading are

suggested based on the findings from this thesis.

5.1. Summary

The overall aim of the present thesis was to expfdredy-worn accelerometrgould be

used to estimate wholeody biomechanical loadinduring team sports movements. The
findings from this thesis showed that; 1) although a linear relationship exists between
bodywormn accelerometry (e.g. GPS integratedcelerometers) and whebedy
acceleat i ons the assumption of a simple I in
law of motion, should be used with caution favhole-body biomechanical load
monitoring 2) the complex multisegmentdynamics of the body and associated GRF
during team sportemovementsto a large extent, can be estimated witti3D-model
Howeverthe MSDmo d eatc@racy slightly decreases for sharp chaofdirection at

high intensitieswhen absorption of energy and generation of energy are deco8pled;
trunk accelerontey data has the potential to generate the eight M&idel parameters
required to estimate GRF from a MSbodel, though further work is required in
particular towards i mproving the model 6s
keeping model paranmats constant and 4&alculating model parameters based on the
relationship between GRF and trunk accelerometry model parameters showed promising
results.The novel accelerometer/MSinodel approacimtroduced in this thesisas the

potential to give praciibners in team sports the opportunity to perform biomechanical
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field observation of whokdody biomechanical load due to playgound interaction, a

necessity if they wish to predict the consequent musculoskeletal structural adaptations.

5.2.The challenges asociated with the use ofvearable sensor

technology

The advancements in micro sensor technology within recent years have led to a hype
around wearable micro sensor technology and its applications for training load
monitoring in professional sports and evim amateur athletes. However, this thesis
highlighted one of the biggest challenges with the current use of the commercial wearable
micro sensor, namely that the true value of the measurements obtained from these devices

only are revealed through cardfuévaluating its reliability and validity, as in Chapter 2.

Due to the time taken to conduct and publish such studies, the various micro sensor
technologies are often used in the applied settings before independent information on the
me a s u r e mesiontadddimitatiores are known. This can lead to misinterpretation of
the data. This is particularly the case for the GPS devices that are used on a daily basis in
professional team sportéAkenhead and Nassis, 2016Jhe misinterpretation is
exemplified by the fact that both practitioners and researchers predominantly use the
accelerometer data as an additional measurement of the physiologiq&doadt et al.,

2014; Cormack et al., 201,3ather than a tool to monitor biomechanical load as suggested

in this thesis (Chapter 1). Similarly, applied research is emerging where the relationship
between GP$itegratedaccelerometer data angeruse injury riskare exploredBowen

et al., 2016; Colby et al., 2014; Ehrmann et al., 20d€3pite the findings from Chapter

2 and previous studigdNedergaard et al2016; Tran, 2010; Wundersitz et al., 2013)
demonstrating that the raw trunk GP&egratedaccelerometer dataverestimats GRF

during team sports movements, and therefore should be used with caution to monitor
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whole-body biomechanical loadingApplied gorts scientists working in professional
team sports settings are of course restricted by time and their daily obligations within the
club. Therefore, they do not have time to rigorously test their measurement methods
before application. Instead, they shibaeek to undertakgilot studies in their search to
better understand the GP8tegrated accelerometer dat§Coutts, 2016) Only if
researchers and practitioners together
and validity in a biomechanical loading context one is hopeful to obtain a good

understanishg of its value in the field.

The novel approach introduced in Chapter 4 of the thesis, where accelerometry from a
GPS device was used to drive a simple model describing the complex-bodii
dynamics of the human body, demonstrated how researcbeld explor&iomechanical
approaches to transform the raw signal from wearable sensorsmeamingful
biomechanical measures such as GRRly through such approach practitioners will
become able to relate their data back to basic biomechanical kigande tissue loading

and the structural adaptations associated with the load. Wingldbiggest strength of
wearable sensor technology is undeabt the ability to easily collect large noenvasive
datasetsfrom patients, athletestc.in their naturalenvironmentgAughey, 2011; Yang

and Hsu, 2010Q)overly simplified outcome variables can often become difficult to
interpret and lead to confusion. To make the sensor data attractive to their clients,
commercial cmpanies behind the wearable sensechnology typically develop
algorithms and matrices that help reduce the data considerably, which enables
practitioners to handle a single variable, elgg accumulated accelerometer vector
magnitude variablegurrently provided by the commercial GP&vice companies
(PlayerLoad", BodyLoadetc.) This is undoubtedly an effective waysiommarizdarge

dataset®n a daily basisbut it makes it difficult to relate the observed changes in such
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variable to wholébody biomehanical loading without the knowledge of how it has been
constructed. Neverthelesswe candevelopsimple but valid biomechanical approaches

to transform raw signalfrom the wearable sensors into biomechahycaieaningful
outcome variables, as in Gpter 4 then this will enable researchers and practitioners to
better explore the true value of the large datasets collected from athletes and/or patients

in their natural environment

5.3. Application of biomechanical load monitoring in team sports

This thesis has focused on the ability to use Gir8gratedaccelerometry for whotbody
biomechanical load monitoring in team sports. Making considerations of the
biomechanical load is not new in professional sportscaEhes and physiotherapist
already make dly attemptsto control the biomechanical stress the players are exposed
to. For instance,it is common practice todifferentiate the physiological and
biomechanical load in rehabilitation of lower limb injuries through aqua jogging exercises
(Haupenthal et al., 2010; Prins and Cutner, 129@) running on lowebody positive
pressure treadmillslsoreferred to as angravity treadmillfJensen et al., 2016; Raffalt

et al, 2013) The benefit of these methods is that the GRF can be reduced by as much as
20% during walking or running locomotion but the cardiovascular and neuromuscular
stimulus that is relevant team sportss maintaired (Haupenthal et al., 2010; Raffalt et

al., 2013) Nevertheless, the findings from this thesis may form a starting point to also
differentiate between physiological and biomechanical loads from the data collected with
the GPSintegratedaccelerometeduring field training sessions, and eventchalay.

The accelerometer/MSBhodel introduced in Chapter 4 could potentially enable
practitioners to monitor the impulse of the GRF to which players are exposed, as a
measure of the wholeody biomechanical laing from a training session in the same

way as heart rate, SRPE or total distance covered are used to monitor the physiological
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load. Similarly, the impact peak, loading rate and active peak of the accelerometer/MSD
model predicted GRF could be used tesate the intensity of the biomechanical load

to which players are exposed, in the same way as the distance covered in different running
velocity zones or number of accelerations and decelerations are used to describe the
intensity of the physiological & in professional team sports. This will enable
practitioners to monitor, prescribe and adjust the volume and intensity of the
biomechanical load across a season, for different individuals in the same way as the
physiological load is currently monitoredhe results from Chapter 4 do however
illustrate that further work on the accelerometer/M®@@ d el 6s sensi ti vit
predict the GRF pattern and in particularly the GRF loading variables related to the
intensity of the biomechanical load (impaegj and loading rate) is needed before it can

be successfully applied. Nevertheless, the following paragraphs iretadeple of the
potential applicatiof the accelerometer/MSBodel to monitor the variation in whele

body biomechanical load.

5.3.1.Example of two players performing the samestandardised running task

Trunk accelerometry data was taken from two participants/players (player A: 71 kg and
player B 75 kg), performing the straight line running tasks previously described in this
thesis at 4n-s®. The trunk accelerometry data included both the acceleration phase, the
steady state phase where players were runningnatsd, and the deceleration phase
where players were decelerating to jogging or walking. A threshold.55 g was used

to identify foot-groundcontact in the trunk accelerometry sigredddetail in Appendix

L). The accelerometer/MSBodel (new model parameter combination 3) was applied to

the trunk accelerometry from the individual fagbundcontacts, apart from the first step

in the acceleration phase and the last step in the deceleration phase, to predict the GRF

(GRFmode) from the individual foogroundcontacts (Figures.l). Finally, Impulse,
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Impact peak and Active peak were determined for everydgomindcontact from the

GRFnoderdata for player A and B respectively.
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Figure 5.1: Resultant gravity corrected trunk acceleration measured from a-mounted
accelerometer is displayed fap row, in which the solid black line if@hte the individual foet
groundcontacts. The second row display the GRE&predicted from the accelerometer/MSD

modé and the bar plots in the bottoraw display the sum and average values from player A
(black) and B (grey) respectively for Impulsephut peak and Active peak.

It i s well known that the magnitude of

such as footfal{Lieberman et al., 201@nd knee joint angl@errick, 2004)As aresult,
the biomechanical load whichplayers are exposed will most likely vary when covering

the same distanc&@he example above illustrates that monitoring of @RF, e.g. from
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the accelerometer/MSiBnodel introduced in this thesishas the abilityto reveal
differences in biomechanical load due to fhayers running stylewhich typically is
ignored when the training duration, running speedlistance covered used to estimate

the biomechanical load

5.3.2.Application in the traditional physiological test-batteries

A recentstudy on the current practise and perception of training load monitoring i high
level football was conducted, and identifidtht manpower is ranked as the highest
perceived barrier for effective monitoring of training Idqé@denhead and Nassis, 2016)

With this in mind and the extra data processingreutly required to estimate GRF from

the accelerometer/MShodel, as the optimisation routine is required for every-foot
groundcontact, it wouldstill be difficult for the biomechanical loaid be estimatedor

every player on a daily basis in a professil club. The work in this thesis has
demonstrated that computerisation of GRF estimates based on an accelerometer/MSD
model are still a distant thought, particularly considering the great variety in activities that
dictate performance and load in teanorsp. Nonetheless, it may well be feasible in the
near future to applthe accelerometer/MSBhodelto the submaximal / norexhaustive
performance tests commonly used in professideamn sporton a quarterlyor even
weekly basis (Akenhead and Nassis, 2016)hese tests are typically standardised
submaximal shuttle rurvhere the majority of time is spent at straight line running during
which the accelerometer/MSimodel carestimate GRF with reasonabaccuracyThis

could enable practitioners tlifferentiate the physiological and biomechanical loads from

a standardised drill which may help them to better estimate the biomechanical load during
small sided games and mafplay bagd on the observed changes in load. The
relationship between the biomechanical load observed from the standardised performance

tests and the differential session RPE focussingop e c ei ved (Mcleargndo e x e
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et al., 2016a; McLaren et al., 2016b; Weston et al., 261%85) also provide additional

information about theloseresponse relationshigd the biomechanical load.

5.3.3.Application in return to sport scenarios

The accelerometer/MShodel introduced in Chagit 4 may enable physiotherapists and
sports scientists to more closatonitor the load progressian their injured players
during rehabilitation and more importantly during the return to sport period. When a
player/athlete gets injured, the first questtbat is raised is when he/she will be able to
return to competition agaifArdern et al., 2016; Drust et al., 2014he decision of
releasing a player back to full trainingatchplay therefore is made over timsy
gradually releasing the player back into trainmagichplay. Part of this process is to
progressively manage the plageibiomechanical load making sure that tzenaged
tissues respond positively to the loday strengthening the tissue rather thasinjaring it
(Ardern et al., 2016; Blanch and Gabbett, 20Mnitoring of the biomechanical load
using the accelerometer/MSRodel introduced in this thesis (Chapter 4) may provide
practitioners with valuable obgtive information on theverall external tissue stress

and the level of biomechanical stress players should be able to tolerate to fully return to
trainingimatchplay. Rather than monitoring and prescribingttaeing load solely from
physiological neasures such dsaining duration, total distanamvered,or high speed
running, the biomechanical loading approach introduced in this thesis enables
practitionerdo prescribe the return to play training load on biomechanical periodization

principles(eg. through the exposure to GRF features such as impulsengadt peak).

111



Chapter 5 General Discussion

5.4.Potential application in other load related studies

The ability to monitor GRF outside the laboratory from theeterometer/MSBnodel
introduced in this thesialso has the potéal to be applied imther fields, such as when
exploring the consequences of training periodizatiofhe results from Chapter 3
illustrated that the MSBnodel can estimate the mditody dynamics of the human body
during straight line running at submaxmspeeds % m-s?) with high accuracy.
Similarly, better GRF predictions were observed for straight line running tasks compared
to the change in direction tasks when the trunk accelerometer data were used to predict
GRF (Chapter 4). These results ilhage that the accelerometer/M$ibdel has the
potential to estimate wholeody biomechanical load with high accuracy during activities
such as longlistance running. In fact, this might be the best application for the current
accelerometer/MSinodel, as itcan enable researchers to monitor exposure to whole
body biomechanical load, rather than the exposure to measurements of the physiological
load, wherthe relationship betweemnningandchronicinjuries such as patella femoral
pain,Achilles tendon injues, stress fracturas explored(Hreljac, 2004; Nielsen et al.,

2012; Nielsen et al., 2013jlso, as highlighted in Chapter 2, an accelerometer measures
the acceleration of the segment it is attached to, anceftine trunk-mounted
accelerometry could be complemented with accelerometry data from a tibial mounted
accelerometer to provide comprehensive insights if the aim is to monitor/measure the

biomechanical stress on the tibial bone during run(iirgljac, 20@).

The ability to monitor the external wheledy biomechanical load via GRF from the
accelerometer/MSinodel introduced in this thesis may as well help us to better
understand how the longitudinal exposure and periodization of GRF are assodiated wi
the internal joint contact forcesh@ relationship between knee joint contact forces from

physical activity and the development of knee osteoarthhiis been explored
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extensively in the current literatyrbut with contrasting result¢Miller et al., 2014)
Monitoring of the GRF that runners are exposed to could potentially be usstinate
the internal contact forcemndhelpus tobetter understanthe relationship between the
development bknee osteoalntitis and the external wholebody biomechanical load

experienced during running.

Body-worn accelerometers are commonly usgohysical activity monitoringo estimate
the energy expenditurefor classification of movement/postuteand to identify
individuals at increasedsk of falling during daily life activities(Mathie et al., 2004;
Yang and Hsu, 2010Yhough the biomechanical load is largely unexplored in physical
activity monitoring the accelerometer/MSBodel could be useful, even if it should be
used with caution for daily life activities. The key limitation is that the current MSD
model builds on the assumption that the human body follows a dikengehaviour
(Chapter 3), which is violated during Walg, standing and sitting. This limits the
application of the accelerometer/MSbodel in physical activity monitoring.
Researchers seeking to explore the witaldy biomechanical load could instead use the
assumption that during daily life activities adar relationship exists between badyrn
acceleromet andwhole-body acceleratigrasprevious studiebaveshowed that such a
linear relationship exists for low intensity daily life activities such as wallihgyer et

al., 2015; Rowlands and Stiles, 2012)

5.5.The relationship between external and internal biomechanical load
The accelerometer/MSihodelintroducedin this thesis (Chaptet) has the potential to
improve our ability to monitothe external wholdody biomechanical load in the field.

Monitoring of GRF is interesting from a biomechanical point of view as the positive and

negative adaptations of t he(Edgloed .0 ¥988;s o f t
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Slowma and Brandt, 1986; Swann and Seedhom, 198®)e(Forwood and Parker,
1991; Frost, 1997and tendos (Dye, 2005; Kjaer et al., 2009; Maganaris et al., 2004)
depends orhe mechanical stresses to whiblk body iexposedDye, 2005; Nigg et al.,
1995) Howeverthe GRF does not directly provide information about the internal forces
without additional information ancbmplexinverse dynamic calculation®amsgaard et

al., 2006; Delp et al., 200.7)he relationship between biomechanical loading and tissue
adaptations is compleand he optimal biomechanical loading distribution and positive
tissue adaptations still remains unclear in terms of the variation in response rate and how
the response rate is influenced flagtors such asge, gender, fithessr fatigue. The
ability to monitor the external biomechanical loachévertheless first sep to estimate

the internal responséeading to tissueegeneration odamage irsports Furthermore, if

we can establish the internal tissue response to GRF, the accelerometendds8D
introduced in this study will ultimately give scope for better noimg of overuse
injuries in sports as these mifinition area result of the cumulative tissue damage over

time (Clarsen et al., 2015; Finch and Cook, 2014)

5.6.Recommendations for future research

In thisthess anovel approach to monitevhole-bodybiomechanical loading fromnunk-
mountedaccelerometrjhas been introduced, ultimatelyth an attempt talifferentiate
between th@hysiological and biomechanical load. Based on the studies conducted in this
thesissome recommendations for future research on biomechanical load monitoring have

been formulated.

5.6.1.Model sensitivity
Future research on the accelerometer/MB8aulets validity, reliability, generalisability

and sensitivity issential ithis approacis ewer to be usetb monitorthebiomechanical
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load in team sports. Additional sensityvstudies will enable us to better understand the
strengths and limitations of this approach asa results thgotential applicatioof this
approach Model improvemerst may as well emerge which can improve the
accelerometer/MSBnodeb sability to monitor athletes GRF in their natural
environmentln the short term, studies are needed éxglore the interaction between
model parameters, or that explore the influenteomy including the four model
parameters that have shown a relationship with the GRF derived model parameters (
vi, ¥12, ¥2%) in the trunk accelerometer optimisation routi®e studieghat explore the
opportunity to apply boundary conditions to the individual model parameters so that
model parameter solutions with unrealistic model parameters can be better avoided. In
the long term, researchers could explore the opportunity to including extra elements in
the model that can account for the loss of energy durineelassic movements such as

the Cut90. This could for instance be in the form of the inclusion of an datnaer in
series with the upper spring to allow energy to dissipate, or even the addition of an

actuator that can add energy to the system.

5.6.2.Biomechanical load monitoring with wearable technologies

Future researctould explore how the continuodsvelopment of wearable technologies

can contribute to the biomechanical load monitoring in team sports. Team Gpods

seek inspiration from clinical gait analysis where development ofbadly inertial
measurement unit technologies to measurebiodly kinematics is emergin@-errari et
al.,2010) Kinematic anal ysi s oeg.jant gndlesepabbs 6 s mi
us to better understattbwa pl ayer 6 s movement pattern ¢
their body increase the risk of overuse injuries. Furtherpsamart clothes withvearable

sensor technologiesich asntegrated electromyography (EMG) electrodes emerging

enabling researchers and practitioners to monitor the [@ayeuscle activityduring
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training/matchplay (Duking et al., 2016; Finni et al., 200 However, the validity and
reliability of these technologies and generalisability to team sports should be established
before itis deployedin team sports. The introduction of additional technologies will
furthermoreincrease the data processing time and it is therefore important to identify if
and how these measurements can beetlirmo knowledge about the biomechanical load

that is easily acasible and meaningful for the practitioner

5.6.3.Consideration of thebiomechanical load in future studies on training load

This thesis has made a first attempt to not only distinguish between the physiological and
biomechanical load from collisiongith opponentgfGabbett, 2013; Gastin et al., 2014)

but also to distinguish between the physiological and biomechanical load associated with
the playersd movements ar ound sholdagherpforeg c h .
recognise that there is a difference between physiological and biomechanical load and
explore the opportunity to monitor this separately. For instance, through the use of
accelerometer/MSinodel introduced in this thesis or similar methdldat can estimate
whole-body biomechanical loading from tpé&ayerground interactiom the field, future
studies mayprovide objective data supporting that there is a difference between
physiological and biomechanical load which until now has only beescribed

theoretically(Vanrenterghem et al., Under Review)

5.6.4.Establishment of the bomechanical doseesponse relationship

Whereas the accelerometer/M®ibdel improve our ability to better monitor the
external biomechanical logid still does not providdirectinformation about the internal
biomechanical load. Future research shduadore explore how volume, frequency and
intensity of the external biomechanical loadchlead to positive or negative tissue

adaptations and how these adaptations are influenced by fatigue, recovery time and the
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individualts responslevel. In a fieldcontext, researcheand practitionersvill need to
explore if GRF exposure from the accelerometer/M8arel is astronger indicator of
tissue damag#hanexisting estimates dbad and consequently if it is, for example, a
better predictor of muscle saress(McLellan et al., 2011; McNamara et al., 2018)

Al eg e @Melaren eb al.02016a; McLaren et al., 2016b; Weston et al., 2015)
team sports. In a clinical cat, future intervention studies should explore the
relationship between the longitudinal GRF exposure from physical activity and shange
in tendon properties (e.g. stiffness and hypertrogmpone adaptions (e.g. mass and

calcium contentfKibler et al., 1992; Nigg et al., 1995)

5.6.5.Establish the relationship between biomechanical load and overuse injury

risk
Based on the findings of the present wotkufe researcimay have the possibility to
explore if the estnated biomechanical load from the accelerometer/M&idel is a
better predictor of overuse injuries thatier estimates such #s accumulated vector
magnitude currently obtained from the GR&gratedaccelerometgiBowen et al., 2016;
Colby et al., 2014; Ehrmann et al., 2018)unique asset of thaccelerometer/MSD
model is that it allows to investigatthe relationship between specific GRF loading
features andpecific overusénjuries, and that in a fieldontext.Lab studies have, for
example, already suggested suvelationship between increased loading rate and risk of
tibial stress fractures in long distance runnékyeljac, 2004) yet fieldbased
observations would allow more in depth understandinguch relationship in terms of

the specific roles of factors such as intensity, volume, or frequency
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5.7.General ®onclusion

This thesis has made a first attempt to distinguish between the physiological and
biomechanical load associated with team sportseptays 6 movement s ar o
during training sessions and matplay. GPS integrated accelerometers are commonly
used in professional team sports ard therefore a strong candidate for wholedy
biomechanical monitoring in the field. Neverthelegsjiings from this thesisaveshown

that bodyworn accelerometry overestimatevhole-body biomechanical loading.
Practitioners should therefoegercisesomecaution when GPS integrated accelerometers
are used to estimate the whaledy biomechanical loadgyers are exposed to from the
interaction between the player and the groged. through the accumulated vector
magnitudes) The novel accelerometer/MSMDodel approach introduced in this thesis
showed promising results in the ability to estimate the irselyment dynamics of the
human body and the associated ground reaction forces from -rtronkted
accelerometry, though future work is neededetduce the accelerometer/MSbo d e | 6 s
sensitivity tovariations in tasks for it tonore accurately reproduce GREtterns from
various team sports movemeniHtimately, this will give researchers and practitioners

in team sports a biomechanically sound foundation to external selbdiebiomechanical

load monitoring due to playground interaction and potentiallyrqvide useful
information which may enable us to predict the musculoskeletal structural adaptations of

training sessions and matphay in team sports.
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Appendix A: Laboratory accelerometers location relative tahe GPSdevice
The purpose of this appendix was to explore the influence of the laboratory
accelerometers location relative to the GPS device andahgstently higher values

observed for thiabordory accelerometer compared to (BES integrated accelerometer.

A pilot study was therefore conducted where two tri-axial wireless laboratory
accelerometar(518, DTS accelerometer, Noraxon Inc., Scottsdale, W&kg attached

to theGPS deviceone acelerometer on the anterior side and one on the posterior side of
the GPS deviceAll three accelerometers were positioweithin a small pocket of a tight
fitted elastic vesbf one participant whiclwas asked to complete 6 single leg drop
landings from &0 cm drop heightThe twolaboratoryaccelerometers were switched

halfway through the pilot testing.

Figure A.1: Pictures of thdaboratoryaccelerometers location on the anterior
(picture on the left) and posterior sidgi¢ture on the right) of th&PS device

Resultant peak accelerations were determined for each acceleroimaibde A.J).
Though slightly higher accelerationggenerally vere observed for thdaboratory
accelerometer positioned on the posterior side oGR8 devicgFigure Al), the pilot
study showed that theboratoryaccelerometer measured higher accelerations than the
GPS integrated accelerometegardless of théaboratoryaccelerometers position. In
addition,the peak accelerations observed inghet study for the single leg drop landing

were higher than the peak accelerations observed for the running and change in direction
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trials inChapter 2. The laboratoagcelerometer was subsequently placed on the posterior
sidein Chapter 2to ensure thiathe GPSdevicewas placed as close as possible to the

trunk and similar to its position in the field.

Table Al: Resultant peak accelerationseasured with the GPS integrated accelerometer and
the two laboratory accelerometelocated on the anterior and posterior side of the GPS device.

Catapult Anterior Posterior Difference between the two

(9) Noraxon (g)  Noraxon (g) Noraxon accelerometers (g)
1t trial 5.62 7.56 7.78 0.22
2" trial 6.43 7.60 8.29 0.69
34 trial 5.66 6.10 6.54 0.44
4™ trial 6.01 8.05 8.43 0.38
5 trial 5.97 8.72 8.52 0.20
6" trial 5.18 6.06 6.20 0.14

— Catapult
-------- Noraxon Anterior

Noraxon Posterior |

Acceleration (g)
Acceleration (g)

0 50 100 150 200 0 50 100 150 200
Time (ms) Time (ms)

Figure A.2: Two representative examplekthe trunk acceleration measured from the
GPS integrated accelerometerdi@pult) and the twéaboratory accelerometers
(Noraxon)from the single leg drop landing.

This pilot study showed a difference in peak acceleration of approximately .34
between the anterior and posterior location. The posterior location could tkerefo
unlikely explain the consistent difference in peak acceleration observed betw&d#She

integrated accelerometandlaboratoryaccelerometeobserved in Chapter. 2
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Appendix B: 1g static accelerometer calibrationprotocol

The purpose of this appendixas to provide a detailed description dhe 1g static
accelerometer calibratiararried out before and after eatdta collectionThe calibration

was performed to ensure the accuracy of the accelerombBleris,g the calibration
protocol thehree laboratory aeterometer sensoemdthe GPS integrated accelerometer
described in Chapter®erefixed on aflat surface inside a box with double sided tape
(FigureB.1). A second GPS integrated accelerometer was also included in the calibration

protocolas a referenc the GPS integrated acceleromaised in this thesis.

Figure B.1: Picturesof thethreelaboratory accelerometers and two GPS integrated
accelerometersounted inside the calibration box used for the 1g static cilior.

The box was carefully rotated through all degrees of freedom, and orientated on the
ground to measure acceleration in the positive and negative orientation of the three
sensing axis (X, Y, Z). Acceleration data was measured over 20 seconds @asach

measuring acceleration due to gravity 1 g or 984! (FigureB.2).
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Figure B.2: lllustration of the change in accelerati@i 2g when rotating an accelerometer
180»during the staticlg calibration protocol.

The static calibration was used to test the static validity oihtiigidual accelerometer

used in this thesis$n addition the static calibration data before anca#tach test session
was used to investigate the within session and between session statitityetibbie
different sensorsThe sensors dynamic validity and reliability haven not been tested due

to the absence of a mechanical shaking device withidgpartment
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Appendix C: Synchronisation of GPSintegrated accelerometer

The purpose of this appendix was to explain the method used in this thesis to synchronise
the GPS integrated accelerometer with laboratory accelerometers and the ground reaction
force measuments. The eceleration data from th@PS integrated accelerometeas
continuously collected throughout the entire session (typically around 3 hdbes).
acceleration data from the#unk-mountedlaboratoryaccelerometer fixed to th€PS

device was usedtsynchronise the acceleration from the GPS integrated accelerometer.

Thelaboratoryaccelerometer data waatomaticallysynchronsed with thedata from the

motion caption system through the analog channels of the A/D board. An External trigger
was usd to trigger and synchrosg accelerometer data with motion capture data at the
beginning of every trailsl he twotrunk-mounted acelerometesworn by the participants
weretapped three timewith a small rubber hammeit the beginning okvery trialto

create three clear spikes in the anterior/posterior accelesagioal. A customisdMatlab

code was created to automate the synckation of the two accelerometer signdlfis
basically consisted of two stedk); A time synchronisatiomsing the information from

the internal clock of th&PS deviceandthe data collection computer and 8)vector

scalar product synchronisation where the signal created from tapping the accelerometers

were to improve the time synchronisation. The step by step appradescisbed below

Step 1:Time synchronisation

1. The start time of the individual trials were identified in the Catapultfdatathe
QTM (Qualisys Track Manager) file
2. Catapult data from the individual trialgere identified ashie start timet+ 25

secondstfe length of théaboratory accelerometer ddiies), see figure C.1
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Figure C.1: Time synchronisef®) and vector scalar product synchronisati) example from

one trial.

Step 2:Vectar scalar product synchronisation

1. The first minimum in the accelerometer signal was identify for the two
accelerometers (minimum due to the tapping of the accelerometer)

2. Two vectorqa: Catapult vectorh: Noraxon vectoryverecreated fronthe
minimum value and time of the minimum vajigee Figure C.1

3. The scalar product of the two vectors was calculated to create a (@ctor
between vectoa andb. The time difference between the two minimum values
were defined as thewalue of vector ()

4. Xcwas used to correct the 25 second timeekyonised Catapult signalith the

Noraxon signalsee FigureC.2
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Figure C.2: Synchronised@eleration data from sepresentative example
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Appendix D: Establishing accelerometer filter cuf-off frequency in Chapter 2
The purposeof this appendix was to explore the sensitivity of fiieer cut-off
frequienciesapplied tothe acceleration signal from thtaree laboratory accelerometers

(Trunk, Pelvis and Tibia) in Chapter 2

Methods

The laboratory accelerometer data (Trunk, RBebmd Tibia) from one representative
participantfor a Run, Cut45 and Cut90 trial with an approch speed of 2 andSwvars
used to explore the effect of different filter @ff frequenciesn the acceleration signal
and peak acceleratioA 6" order Butterworth lowpass withcut-off frequendesbetween
20-80Hz were applied to the Trunk and Pelvis datalenmtut-off frequencies between
40-100Hz were applied to the Tibia ddEgure D.1) Peak acceleratigwerecalculated

as described in Chapterf@ the individual trials and caff frequencies.

Figure D.1: Resultant acceleration from the Trunk, Pelvis and Tibiaa representavie Run,
Cut45 and Cut90 trial at 5 mwith differentlow-pass filter cutoff frequenciesapplied to the
acceleration signal
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