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Abstract

Physical prototyping isftenrequiredwhen developing new equipment and workspaces
so that humaisystems integration can be considef@igital human modellindacilitates more
efficient, upstreanassessment of human interactions with new equipment within a virtual
environmentHowever, preditng how humars will behave (i.e., move and position) to perform
industryrelevanttasks requires the ability to consider stdiased influencedike fatigug on
predicted behaviour®avidon, Graham, Beck, Marler, & Fischer, 20ZIhe overarching
objectiveof thisthesis waso understandiow objective function weightings should be
configuredwithin amulti-objective tasifocused human behaviour prediction model to simulate
postures whin afloor-to-shoulder heighlifting task under different fatigue stat@% achieve
this aim simulated lifting posturewere generated kgystematically altering objective function
weightingswhere each simulation wasmpaedwith experimentdy capturedifting posture
datato determine the closest match and subsequent ideal optimal weighting configuration
Fifteen participants were recruitadd completed BEfting protocol at 30% of their EPIC
predicted maximum box lifting capacity. Participéatigue level was evaluated basedtioar
RPEandtask completion timeChanges in articipantdifting strategyover the course of the
fatigue lifting protocol was also verifieBarticipants who were deemed fatigaed exhibited
movement strategy chgaswere included in the simulation portion of the thediere
participand Brst and last lift kinematic data were used as inputs to a-olijéctive
optimization digital human model . Avatarods we
and wereconstrained to maintain the same hand and foot position as the participants.
Simulations were run while altering threbjective functionsncluding the minimization of:

Discomfort, Total Joint Torquand Maximum Joint TorqueT he different objective furions



represent performance measures to be minimizedder to predict the design variables, in this
casgointangls,wi t hin the avatar 6s Qmukiiohsaveréranfategr ees
objective function weighting coefficients betweed@% atl0%intervalsfor each subject,

each posture and each fatigue stasehsimulationwascompared to theimulationthat was
generated using the participagecificmotion capture data and the error between the motion
captureand optimizatiorpredicteddata werecalculated A totalroot mean squared error

(RMSE) value was calculated including the ankle, knee, hip, trunk, shoulder, and elbow errors.
Error was modeled as a function of objective function weightings using parni@pecific
multivariate regression equations. Multivariate regression equations were then used to determine
the objective function weighting configuration that would results in the lowestferreach
participant, at lift origin and destination and torfatigued and fatigued lifting state&.two-

way repeated meas uusedto déectifoe difieranaeistimadl egdtive w a s
functions weightings between locations (origin vs. destination) and fatigue stdtdiguied vs.
fatigued lift). Results showed a median objective function weighting of sixty, zero, and zero for
the discomfort, maximum joint torque and total joint torque objective functions, respectively.
Fr i e d madid éct deteosignificant differences between fatigue statekcation for anyof

the three objective function weightings. The discomfort objective function alone tended to
predict box lifting postures beddiscomfortmay include aspects of the torque based objective
functions leading to its increased priority firedicting posturesver the minimization of

maximum and total joint torque. Future studies should build on the current suite of objective
functions to improve predictive capabilities of digital human models for novel tdsks.

accurate digital human rdels will allow for earlier consideration of humainsthe-loop and

significantly reduce industry costs of physical prototypes.
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1.0 Introduction

New workspace designs and equipmertitich require human interaction, commonly
necessitatphysical prototypes to be developed for human performance testing and evaluation.
Physical prototype testing can be the@nsuming, costly, and often requires subjective feedback
to inform decision making on the podyperather than biomechanically rebavt outputs
(Ahmed, Irshad, Demirel, & Tumer, 2019; Duffy, 2012; Jun, Lee, Kim, &,Nei19)

Modelling and evaluating prototypes in a virtual or computer aided design (CAD) environment
can substantially reduce codBy. leveraging CABbased modeling packag@sg. FEA, multi

body dynamics), emerging ideas can be rapidly developedhtoate structural and geometric
parameters virtually, allowing iterative testing and improvement prior to physical prototyping
and manufacturingBordegoni & Rizzi, 2011)However, considetion ofhumanin-the-loop
interactionswith new workspace designs and equipmemtften poorly considered until the
physical prototypés alreadydevelopé (Chaffin, 2009) Digital human modelsi{HM) provide a
virtual representations of a human within a digital environment, where the virtual human can
then be used to predict safety or performance outcomes based on modeled interactions with
products, equipment and workspa@@smirel & Duffy, 2007) LeveragingDHMs throughout

the CAD development phase allows for the emntificationof humansystens integration
concernswhere such issues would otherwise be discovertte more expensive physical
prototypng stage ofdevelopmen(Figure 1). DHMs can also allow for rapid tradi analyses,
where design components are altered and evaluated, to create better productaserend
Though the use of DHMs have the potential to address hggstemintegration considerations
earlierin design, differences in underlying prediction and simulation approaches are important to

consider.
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There are three main types of DHMs designed to predict and simulate human motion
including: manually ranipulated models, experimental data driven models, and optimization
based models. Chapter 2 of this thesis discusses the three primary DHM types in more detalil.
This thesis focuses on an optimizatismsed DHM, as the theoretical basis for the optimimatio
approach is more aligned with contemporary motor control the@hatelMalek & Arora,
2013; Scott, 2004; Yang, 2009 ptimizationbased DHMs assume that humans inherently
choosepostureghat minimizes or maximizes physiologically relevant performance criteria
where design variables such as joint angles cadaicted given a set of internal (i.e. joint
torque and range of motion limits) and external (i.e. body endpoisttcontact a target

location) constraints. The mathematical formulations of the physiologically relevant performance



criteria being minimied or maximize@reconsidereds objective functios. In emerging

D HMO6 s , plewhjettivefunctions are available for users to include in their predictions;
however, little evidence is available to guide end usedeadng which objective functions to
use and when to predibiofidelic taskfocused behaviouand particularly whenonsidering

individual state factors such as fatigue.

Physiologically relevant objective functions used to represent motor control laws
governinghuman movement are dynamic. Multiple physiologically relevant performance criteria
may compete and/or cooperatecontrolling human behaviouvhen performing a given task
and can change with a change i n tBegeDelian i ndi
Gaveau, & Jean, 2019; Cashaback & Cluff, 2015; Jin, Kulic, Lin, Mou, & Hirche, 2019; Sparrow
& Newell, 1998; Yang, 2009Human gait is well studied in this regard, where associated
objective functions are well defined such asimizing muscle activations and maximizing gait
stability and smoothnegMiller, Umberger, Hamill, & Caldwell, 2012; Nguyen, Johnson, Sup,

& Umberger, 2019)however, otheobjective functions that best predict othesvementslike
lifting still require further investigation. Moreover, how individual states (i.e. fatigue) and
environmental conditions (i.e. thermal) alter the relative weightings of objective functions
remain as under studied arélta, Zhang, Chablat, Bennis, & Guillaume, 2009hderstanding
prospective differences in underlying objective functions and weightiiiggnprove the ability

to deploy DHMs to support virtual prototyping for a wider range of design characteristics.

The purpose of this thesigasto explore existing objective functions within an
optimizationbased DHM to determine hailvose objective function weightingan be optimally
tuned to predict floor to shoulder height box lifting under different fatiguesstadditionally,

this study investigatkif therewas a systematishift in theweights assigned tobjective



functionswhen attempting to predict lifting postures infatigued andatigue state Two

postures (lift origin and lift destinatiomjereassessdalong with two fatigue states (datigued

and fatigued)Simulated postures were compared to participant specific lifting posture data that
wereobtained gperimentally to generate an erresponse surfagelative to unique objective
function weightingsResponse surfaces were modeled usingjivariate polynomial regression
where emergemnegressiorequations wereptimized to find the optimal objective function
weightingconfigurationthatpredicted posturethatbest matchdthe experimentally captured

origin and destination postures.



2.0 Literature Review

2.1 Digital Human Modelling

Digital human modelling (DHM) allows for the representatdmumars within a virtual
environment. Human representation within DHMs can include biomechapiyaiological and
psychological principles. Psychological models are typically not included with commercial
DHMs aimed to model the full body biomechanics and mhggy and will therefore be
excluded for the purposes of this thesis. When modelling the human bodyomniheercial

DHM there are generally three approaches used:

1. Manuallymanipulatednodels,
2. Experimentadatadriven modelsand,

3. Optimizationbasedmodels.
2.1.1Manually Manipulated Models

Manual manipulation allows the useéosposition an avatar or virtual mannequin into a
desiredposture byalteling joint profiles positionandangle$, constrained byhe degrees of
freedom allowed within thBHM.So me exampl es i nc | u dHemanCAR Gen Er ¢
and the University of (CéhtedohBrgpanics s.d.;NE&XSeAPP soft w
Ergonomics Inc., 1997The manual manipulatiompproach is conceptually simpiehere a user
can manipulat@int anglesas required to mimic observéaskbehaviourgo understand and
evaluatecorresponding biomechanidglanuallymanipulated models cannot predict postures or
movement and cannot assess dynamic scenarios within the sqiwdst-Malek & Arora,
2013) Additionally, manual posturing has limited repeatability and the accuracy of the model is

hi ghly dependent on (tiletal, BHAMZhu st al.r 2010)heemapualr i enc e

5



posturing approach @ften usedvhen modelling a prexistingtask or required posture, if a
novel task is created the modeler would need to estimate the required human behaviour to
complete the new taglhbdelMalek & Arora, 2A.3). Thoughmanually manipulate®HM have
limited posture predictiofunctionality, they allow for quick visualepresentatiogiof
occupationally relevant tadkcused behaviouysind they can provide useful outputs for

ergonomicanalyse®f postures.

2.1.2Experimental Data Driven Models

Experimental data driven models are a predictive DHM type relying erepogded
motion capture data to drive an avagaostures and movemeanDatadriven posture prediction
models have beenidely adoptedvithin the automotive manufacturing industry due to the ease
of representing common manual materials handling mover{Rlatschonette, 2010)
Experimentabatadriven predictive models take the large databases efepmded kinenti
data and use them to generate statistical regressions from which new motions can be predicted
(AbdelMalek & Arora, 2013; Blanchonette, 2010; Chaffin, 20089t every task that may need
to be evaluated within a DHM can be captungth motion capture dateonsidering the
diversity of possible moveemts and therefore some limitations of this prediction approach exist.
Limitations include inaccuracies when predicting kinematics for tasks where obstacle avoidance
is required, as well as inaccuracies when representing unique tasks or tasks thalyare high
dynamic in naturéAbdelMalek & Arora, 2013; Marleet al.,2009; Marler et al.,2005; Yang
et al, 2004) Limitationsin predicting movement behaviours for unique or novel tasks poses a
specific problem when attempting to deploy DHM in upstream design for the evaluation of

humansystem integrations by considering unique or novel designs.



2.1.30ptimization-BasedModels

The third type of DHM utilizes optimization to predict agichulatepostures and
motions In this approachpint anglesserve aslesign variableto be solved for by using an
optimizationapproachConstraintson the optimization problermcludejoint range of motion
and torqudimits basedon experimentally capturephysiologicaldata(AbdelMalek & Arora,
2013) Optimizationbased DHMsre also modifiabley including eneeffectors on the avatar
model which can be constrained to reach a point, or zone defined by the user wiiituahe
environmen{AbdelMalek & Arora, 2013; Xiang, Arora, & AbdéVlalek, 2012; Xiang et al.,
2010) Objective functionserveto minimize or maximize specificriteriaat the joint or whole
body level such as energy ieféency or discomfor{Marler, Rahmatalla, et al., 2005)
OptimizationbasedDHMs allow for the prediction of movemesdind postures without the riee
to drive avatamotions with prerecorded motion capture data. Instead, motion captaumserve
as a validation for given scenario being modelle@ptimizationbaseddHM accuracy and
validity is dependent on the objective function or functions that are chosen to be minimized or
maximized(Marler, Yang, Arora, & AbdeMalek, 2005) Undersanding wiat objective

functionsto useand why will be discussed within the optimal control section of this thesis.

Since DHM avatars are generally magbeof rigid links with scaled anthropometry,
inverse kinematics (IKis generally used as a posture predictimethod Optimization or
regression equation fitting allow for the IK problem to be solved with the available link segments
and joint degrees of frdem (AbdelMalek & Arora, 2013; Beck &haffin, 1992; Blanchonette,
2010) Commonly,anengé f f ect or i s chosen somewhere on t he
to a marker target, if the marker target cannot be reached within the constraints of the avatar, the

posture cannot be predictetltie marker target is within capable range of the agasar [, & mi t s



posture will be predictedsrepresented by joint anglebat best minimizé maximize the
underlying objective functioor functions Since segment lengths and weights are estimated by
the input anthropometry, arsihcejoint loads can be added to the avatar in 3D space, inverse
dynamics calculationsan be conducted within the DHM softwaoeunderstand net joint

moments and forces experienced by the avatar for a given p@Shakin, 2009)

2.2 Optimal Contr ol, Optimization and Objective Function Weightings

Human motion prediction is a difficult undertaking as there are many degrees of freedom
within the human body allowing for numerous solutions to achieve thersavemenbbjective
(Scott, 2004)Simply reaching for an object in front of you can be accomplished in an infinite
number of ways due to the abundancy of degrees of freedom available withimattoenyof the
human body. This creates an indeterminacy problem when modelling and predicting how human
posturesand movementare generated. Optimal control theory may provitdasis for
navigating the indeterminacy involved when attempting to predict human kinematics. Optimal
control theory assumes movement behaviours are minimizing or maximizing relevant criteria
such as minimizing discomfofiarler, Rahmatalla,teal., 2005)or maximizing jump height
(Pandy & Zajac, 1991)The criterion that is being optimized faccording to the optimal control
theory, can be operationalized by objective functions which are functions that can

mathematically represent what the nervous system is trying to a¢higderov, 2004)

In posture predictiondifferent objective functions can be used to estimate what an
individual is optimizing for within a givetask Complex movements mapnsidemultiple
objective functions to be optimizeédroughouttherebyrequiring different objective functions to

represent the smaller units of the movement also known as movement prir{iiingEsov &



Jordan, 2002)Single objective functions have been used to represent whole movements or
movement primitives for a given task, this is cakathle objective optimization. Gait, for

example, has been previously modelled using single objective optimization and the objective
function of minimizing total muscular effofGhista, Toridis, & Srinivasan, 1976Ylinimizing

total effort falls under the overarching optimization assumption that hkimamaticbehaviour

tends to minimize metabolic costs or maximize efficiency. €biscides withthe observations

that potential energy change of the human center of mass is low during walking, metabolic costs
at self selected paces are |@md thecente of masanotion generally maintains a smooth
trajectory(Nguyen et al., 2019; Winter, 1978hough the minimization of metabolic cost has

been useful in gait modelling, it may not be appropriate in all movement behaviour scenarios as
it alone does not predict average behaviour for other moverfiederov, 2004)In fact, many
different optimization strategies have been adopted to model movement including maximizing
joint stability (Cashaback & Cluff, 2015minimizing muscle streg€rowninshield & Brand,

1981) minimizing joint discomfor{Marler, Rahmatalla, et al., 200%nd minimizing joint loads
(Yettram & Jackman, 1982Movements or movement primitives may be better represented,;
however, by combining multiple optimization assumptions at a given time rather than only

considering a single objective.

Multi-objective optinization (MOO), allows for the consideration that many different
control laws, operationalized by objective functiomsy influence movement behaviour
simultaneously. In MOO, a scenario where all objectives have a minimum simultaneously
(utopia point) igare(Marler, Yang, et al., 2005Without a utopia gint solution, there are
multiple local optimums (pareto optimal solutions) that can be possible within a set of feasible

solutions, therefore requiring a method to choose between the different pareto optimal solutions.



Many methods exist to navigate thargto optimal space; however, the weighted sum method
allows for the allocation of preferential weightings a pri%iang, Marler, & Rahmatalla, 201,1)

that may give insight into the importance of a given objective function for a movement or
movemenprimitive. One study, exploring three different methods for navigating through the
number of possible solutions from a MOO using a digital human model and simple reach to point
tasks, found that the weightesdm method tended to provide the most natuwatyres when
compared to a mimax and global criterion method for MQ®arler & Arora, 2010)

Furthermore, MOO solutions eperformed single objective optimization solutions for posture
prediction outcomegXiang et al., 2010)Therefore, following the optimal control assumption

that human movement behaviours are minimizing or maximizing relevant criteria, MOO and the
weighted sum method may allow for the a@te prediction of humakinematicbehaviours

while simultaneously allowing for the understanding of how different movements are controlled.

The optimal control laws that control movement behaviour, operationalized as objective
functions and their assigdeveightings, are modulated by different factors. Figure 2 shows
Sparrow and Ne we ldisp@ayg how thesask, environtnentnand adanism can
alter the coordination and control of movemgparrow & Newell, 1998)Theoretically, this
constraint model cabe appiedto the optimal control space. When thdividualés state, the
task being completed, or the environmeémaltered, that n d i v mavenseht bekaviour may
change, which can be represented by a change in the objective functions and their assigned
weighting within a MOCiramework Previous stdieswithin the DHM realmhave investigated
the different combinations of objective functions and their respective weightings in modelling
postures for a given tagkarler & Arora, 2010; Marler, Yang, et al., 2005; Yang et al., 2011)

Few studies, however, have investigated the changing of objective functions and their assigned
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weightingswhen attempting tonodel thetaskfocused behaviour that might emerge from
changes in an individual 6s s torafdatigue asamdé/iduali r o n me

state factors that can alter movement behavjauitk a focus on lifting

Metabolic Energy Output - mechanical work to meet

task/environment demands
TASK <
AN
Emergent Pattem
of Co-ordination
Task Information and Conirol
. . Energy Input -
Environment Constraints ORGANISM |<—
on the Task Food & Oxygen

Environment Informationion

ENVIRONMENT |

h Metabolic Energy Output - to meet environment
demands, e.g. thermoregulation

Figure2. Shows the Sparrow and New@PB98)constraint model as it pertains to metabolic

energy expenditure and its potential influence the control and cooatiradtimovement.

2.3 Fatigue and MovementBehaviour Changes
Fatigue is a individualstate factor that can alter movement behayitwaoreticallyby
altering overarchingbjective functions and their assigned weightiwghin the context of a

MOO problem Fatigue is a multifaceted phenomenon thateraergeat the central and

peripheral levels to reduce the maximum force capatitiye muscléGandevia, 2001; Noakes
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& Gibson, 2004; Xia & Frey Law, 2008Central fatigue is defined as the progressive decrease
in voluntary adwation of muscle fibers; while peripheral fatigue is produced by alterations at the
neuromuscular junction or beyond@andevia, 2001)n other words, centrahfigue is the

failure to drive motor neuronghile peripheral fatigue is the failure at the site of skeletal muscle
contraction. Though fatigue can have central and peripheral causes, it can sometimes be difficult
to distinguish between the two and sepiagathem is not alwaysequired(Vegllestad, 1997)

Fatigue can manifest from cognitively demanding tasks, a lack of sleep (sleep exhaustion),
physically demanding taskispredom and mor@Matthews & Hancock, 2017; Nibbeling,

Oudejans, Ubink, & Daanen, 201#&)pr the purposes of this thesis, cognitive fatigue, exhaustion,
and fatigue related diseases will notdaelresseg however, these forms of fatigue are still
common and influencea n i n d iforcé generting capabiligs well agheir movement

behaviarr (Matthews & Hancock, 2017; Nibbeling et al., 2014)

Muscular fatigue has been wdtbcumented in biomechanics history and will be the
personal state factor analyzed within tthissis. Muscular fatigue specifically, is defined as a
decrease in force generating capability within a mubeleis only temporary and not caused by
injuries( Bi gl and Ritchie & Woods, 1984; Masledevi a,
fatigue can be observed ugiseveradifferent approaches. When compared to affatigued
muscle state, a fatigued muscle has measurable metabolite concentration @hEmdsamb,
& Westerblad, 2008; H. Westerblad, Bruton, Allen, & Lannergren, 2000; Hakan Westerblad,
Allen, & Lannergren, 2002Also, when comparing fatigued muscle tefatigued muscle, at a
given force, EMG amplitude increases and mean power frequency de¢redsegy | and Ri t ¢ h |
Woods, 1984; Petrofsky, 197%ynchronoudéiring of motor unit action potentials as well as

decreased conduction velocities of electrical signals are also common indicators of fatigue or
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fatigue development within musql@rendtNielsen & Mills, 1988; Broman, Bilotto, & De Luca,
1985; De Luca, Roy, & Erim, 1993Being that a decrease in tmeiscles ability to generate a
desired force defines a fatigued muscle, changes in force via maximum voluraasyieff

another way to measure fatigue developnieBti gl and Ri t ¢ h.iMerei&diradto od s ,
measurements of muscle fatigwnalso be surveyed such as ratings of perceived exertion and
fatigue assessment scadthough these are generally better used as complimentary measures to

the aforementioned methods.

Fatigue is not exclusive to changes at the muscular level and foahgcgion level.
Fatigue has been known to change human movement and its control @heall 200Q)This is
important as differing kinematics will directly resultatteredjoint loading and performance.
Researchers have observed movement related chasspesadedvith the progression of fatigue

including an increase in net joint moment variability and increasedgtaction(Cashaback &

1

Cluf f, 2015; O66Brien & Potvin, 1997; Psek & C

Lee, 2008; Singh, Arampatzis, Duda, Heller, & Taylor, 20E@)m an optimal control

standpant, fatiguelikely alters the objectig) being optimized. Cashaback and CI{#015)

found that with fatigugdess weight was given wmptimizingenergy efficiencyand more weight
wasgiven toprioritize joint stability, likely to preserve engoint control to meet the ta@&k

goals Thisis counterintiitive as a logical conclusion for fatigue is to become reaergy

efficient tomitigatefatigue development. This means that ovefatigue does not only reduce

the force producingapabilities but mayalso change the overarching contrechanismsvhich

ties back to Newell and Sparr@constraint mdel on movement behavidrhis does not
specifically imply a human will choose to now optimize for stability instead of efficiency, rather

a shift in the amount of emphagigceal on eaclobjective maychange. This has been discussed
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as a hierarchal shift with fatigue and other modifying factors on the control (&patedorov,

& Pan, 2004; Todorov, 2004)

In lifting, specific kinematic changes have been seen as fatigue progresses during
prolonged lifting bouts. Bonato et g2003)found that imividuals would move away from a
stoop posture and towards a squat posture as fatigue progressed and similarly, Fischer et al.,
(2015)found that as fatigue progressed individuals altered their movement strategies to reduce
trunk segment angles. In contrdadgleman and Smitf1995) Sparto et al.(1997) andVan
Dieén et al.,(1998) found increased lumbar flexion and less range of motion used at the knee
joint during prolonged lifting bouts as fatigue progressed. Though different kinematic changes
were found Fischer et al., (2015) avidn Dieenet al., (1998) agreed that the lifters adapt their
lifting kinematics as they attempt to balance between the lifted mass and the diminishing force
manifesting due to fatigue whether this force is due to a reduction at the kn€8pairio et al.,
1997)or the trunk musculatur®an Dieén et al., 1998Interpreting the kinematic differences of
the aforementioned lifting fatigue studies from an optimal control standpoint, there was a
potential shift i n how i ndi vthenlidtinglmbovwementeas vo us s
fatigue progressedVhile this was not specifically modelled usiogtimization methods, there is
an opportunityto capture how the optimal control principles change due to a fatigue lifting

protocol by leveraging MOO based DHMs.

Modelling fatigue within DHM toolss a desiredapabilityfor end userg¢Davidson et al.,
2021) however current modelling approaches alter joint strerggthabilitiesexclusivelywhich
may not alwaysaccount for the movemenhanges that occur due to fatigievelopmen{Ma et
al., 2009; NATO RTO Technical Task Group 019, 200%) model fatigue related movement

changeswithin anexperimentamotion capturarivenpredictivemodel, more largascale
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motion capture collections post relevant fatiguing protocols would be necessary to develop the
requiredregressiommodelsto draw upon whepredicting kinematicswithin anoptimization
basedDHM however,a hierarchal shift imbjective functios andtheir associateaveighting

may enablenodelng of fatigue related movement changes. Ma and colleagues (2009) used the
Anybody DHM (Damsgaard, Rasmussen, Christensen, Surma, & de Zee t@@Xpjore

changing objective functions tepresent a drilling tasks fatigue progressethis investigation
showed the optimal distance feprkersto be postureftom the drilling locatiorto minimize

fatigue however, hechoserntask was a simple drilling taskhere specific joint kinematics

where not evaluated or compared against experimentally gathered drillinyldegacomplex

tasks suls asbox lifting, a wholebody taskmay show different results.

2.4 Multi -Objective Optimization-based Digital Human Model

Forthis thesis, Santos Pro will be used agptimizationbasedHM that allows users
to vary the weightings faunp toninedifferentobjectivefunctions. Santos Pro was originally
developed in the Virtual Soldier Research ProgfAbdelMalek & Arora, 2013) Santos Pro
includesavatas representing makeand femals for visualshapeaccuracy. Anthropometry can
be altered manually within the software to represent specific groups or individuals
(SantosHuman Inc, n.d$antos Prgermitsmanual manipulation of avataraption predttion
based on the provision of experimentally obtaimexion capture datandposture prediction

with the use of wholdody MOOwhile leveraginghe weighted sum method.

Within anoptimizatiorbasedmodel, three main components are necessary: design
variables, constrain{gnternal and externagnd objective functions. The design variables are the

joint profiles of the model including joint angles of the available degrees of freedom @30F)
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seen inFigure 3(AbdelMalek & Arora, 2013; Xiang et al., 2008)he shoulder complex that is
modelled includes a glenohuraéjoint with three degrees of freedom and a stetagicular
joint with two degrees of freedom. The Santos

DOF each and move in succession.

Figure3. Shows thevailable degrees of freedom representing the Santos Pro human body.

The constraints create boundaries for the optimization problem and include joint torque
limits and joint range of motion limits. Joint torque limits defined within the Santos Pro software
were obtained from various studigsahalan, Johnson, Liu, & Chao, 1989; Gill, Murray, &
Saunders, 2002; Kanski, Perrin, & Gansneder, 1999; Kumar, 199Bher internal dsign
constraints ge available within the Santos Pro model including obstaetedance and self
avoidance which create constraining sphesesvhich the avatar cannot come in contachwit

Finally, the model is constrained to follow basic laws of physics.

Objective functions within the Santos Pro modellabeledperformance measures and

the software us@glOO while leveraginga weighted sum method to allocate the various
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objective functions available. This allows for differing coefficients to be allocated to multiple
objective functions which will alter the solution space as they attempt to reach pareto optimality
(Marler, Yang, et al., 2005Within the Santos Pro DHM softwam@ne objective functions are
available to be alteredithin their weighted sum optimization. Two objective functions relate to
vision, and one related to balance and wAlmldy stability (ZereMoment Point). For the

purposes of this thesis, theo visionobjectives will not be included, and thae stability

objective functiorwill be considered as constraints rather taanbjectivefunction Figure 4
offersavisual representation of how altering objective function weightings can alter a given
posturewithin Santos ProThis leavesix objective functions to be altered within the software
(AbdelMalek & Arora, 2013; Marler, Rahmatalla, et al., 2005; SantosHuman Inc, n.d.; Yang et

al., 2011)

1. Minimization of Efforti models thanclination toavoid deviatiorfrom an initial position:
n )
fcgj%)rr (qQ)= Z Vi (Qi _ q;n‘ma[)
i=1

Equationl. Shows the objective function to minimize effort whexeis a weight used to stress
the relative stiffness of a joirariable n is the numbef degrees of freedomand q is the
posture.(gi1 i"§?) is thejoint angledisplacement from the initial postufiéli, Yang, &
AbdelMalek, 2009)
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2. Minimization ofDiscomforti models threéactors in musculagdiscomfort:
1 The tendency tmaintaina neutal position(standing with armat the sideJEquation2).
1 The tendency to movaodysegments sequentially (limbs, then spine, and then clavicle).
DOF

]F.i)i\c‘nn;fr'n'l (q) = Z }/' (Aq"ﬂ”ll”l )2
i=1

Equation2. Showsthe objective function optimizing for thendency to gravitate towards a
neutral positiorwhere q represents a postureg"™ is thenormalizedchange in joint angle
for a degree of freedofmom the neutral positioriV a r i a s b weightusedto stress the

stiffness of a jointvhereit is assumegbints aremoved sequentiallfMarler et al., 2005)
1 Finally, the tendency to avoid joint limi{&quation3).

DOF

1
f]).i.s'c(mq)‘(')rt (q) = E Z [}’r.‘ (Aq’lﬁform) +GxQU; + G x QLI}

i=1

Equation3. Shows the second equation used to minimize discomfort wher@Gand G x QL
arepenalty terms associates with values approaching the joint upper and lower limits
respectivey.

3. Minimization of the Change iRotential Energy minimizes thesquarecthange irpotential
energy of eackegmenrd center of gravity heights atneutral pogion (Equation 4)

K.
. 2
f.{)c’fm—pnrcnH'n.l'—('ir(’rg}‘ (q) = Z (Pr' - Pf()

i=1

Equation4. Shows the delta potential enemgyective function where is the posture k isthe
number of lumped masseésgariable @1 P06 ) I st potentiat énergy §ran the neutral
position(Mi et al., 2009)
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4. Minimization of Total Joint Torquie minimize dynamic effort defined as tequare of all

joint torqueg Equation 5).

0¢ O
Qa W
o

Equation5. Shows the objective function for minimizing total joint torque (dynamic effort)
adapted from Xiangt al.,(2012)where variable( representshetorquefor a given degree of
freedomyvariable (q) is the resultant posture

5. Minimization of Maximum Joint Torqué minimize thesquaredorque with respect to the
maximum torque limit of a jointMarler, Knake, & Johson, 2011)This objective function can
be found in Equation 6.

"Q A
T

Equation6. Shows the minimizatioof maximum joint torque objective function equation where
U represents the torque for a given degree of freedapinis theposture andUnax represents

the maximum torquémit of a degree of freedom.

6. Minimization of Joint Displacementmodelsminimization of joint displacement from the
neutral positior(standing with arms at the sid@jarler, Yang, et al., 2005Y his objective
function can be found in E@tion7.
n 2
 Joint displacement (q) = Z Yi (‘L’ - Q:N )
i=1

1

Equation7. Shows the joint displacement objective function whgreepresents a posture; is
the joint angle for a degree of freedavithin a set of joint limits Variable gV represents the
neutral anglar position of a degree of freedoNariable n is the number of degrees of freedom

and 9 is a weight introduce to stress the relative stiffness of a joint.
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Figure4. fA0 Shows a lifting model with the minimization ofaximumjoint torqueMOO

weighting at 100% and B shows the same lifting model with the minimizatidis@dmfort
weighting at 100%.
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3.0Purpose, Objectives and Hypotheses

Increased use of DHM can hefduce the time and costs associated with husgatems
integration evaluation via physical prototyping. However, to increase DHMendeisers
require a level of fidelity that is sufficient to not only mobaman kinematibehaviour, but
also howthat knematicbehaviour changes as a function of phgsiologicalstate of the human
(i.e., fatiguestate)(Davidson et al., 2028older Systems Technology Roadmap: Capstone
Report and Action Plgr2011) DHMGs that rely on multbbjective optimization, as a
theoreticdly soundfoundation for posture predictipmay provide the ability to model such
statebased effectdiHowever, understandirtgpw to parameterize suchodels given a specific
task, environment or state factor is curreniiknown To address this gap, this thesiplore if
amulti-objectiveoptimizationrbaseddHM could be parameterized to predlmbx lifting
behaviours undeatiffering fatigued statedf so, understanding howbjectivefunctions and
associated weightings change as a function of fatigue will also enhance our broader understand

regading overarching movement control under fatigue.

The purpose of this thesigasto identify the optimal objective function weighting
configurations thamost accuratelgimulatethe origin and destinatigmosturesof floor-to-
shouldellifting relative toexperimental dateéSecondarily, this thesis aimemldetermine if there
were systematic changm optimalweighting configurationsvhen predicting lifting postures in

un-fatigued andatigue state
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Research Questiorl: Whatis the best olgctive function weighting configuration, considering
three objective functions (Minimization of Discomfort, Minimization of Maximum Joint Torque,
and Minimization of Total Joint Torque), in order to simulate box lifting origin and destination
postures withthe least error when compared to experimentally captured postures in both fatigue

and unfatigued states?

Research Outcome 1The best objective function weighting configurations that minimize the
normalized root mean squared error betwasmulated and experimentally captured data at the
origin and destinationnder both fatigued statds waspredicted that the best objective function
weighting coefficients wuld includea combination ohon-zero weightings for théhree tested

objectivefunctions

Research Questior2: Are thebestobjective functiorweightingconfigurationdifferent

betweerfatigue conditions?

Hypothesis2: It washypothesized thaheun-fatigued statewill show higher weightings for the
minimization of discomfort objective functioit is also hypothesized thiite fatigued state
would show higher weightings for the minimization of maximum joint torque and total joint

torgueobjective functions.
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6.0 Methodology

Themethodologyof this thesigs described inhreedistinct sections, thexperimental
methodsthe simulation methodsand the statistical methadhe experimental methods
describe the fatigue lifting protocol which participants complgbeelvfously collected and used
data), the kinematic data conditioning of the lifting protocol, and the fatigue likelihood criteria
that wereused to include/exclude participants in the simulation portion of this thesis. The
simulation methods explain thegmess of driving the digital humans with motion capture for
each participant specific lift posture and fatigue state. The simulation methods also describe the
simulation design including the model internal and external constraints, the objective functions
which were systematically altered for comparison with the motion capture data, and how the box
lifting loads were applied to the simulatiorhe statistical methods describe the development of
an error response surface using a normalized root mean squarRMSE) between the
participantdéds motion capture and their avatar
weightings. The statistical methods also describe the decision criteria used for choosing the
multivariate regression models that fit #reor response surface for each participant, lift posture
and fatigue state. Lastly,atwoay r epeated measure Friedmanots t
research question 2 which aimed to explore systematic changes in objective function weightings

with fatigue state.

6.1 Experimental Methods
6.1.1 Participants

Data were collected frofifteen participants § Femalesy Males) recruited from a

university population. Prior to collection, an information letter and informed consent letter was
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given to participantg-or each participant.emnographics information was collect@chblel)

anda Standard Nordic Questionnaire veasnpleted Kuorinka et al., 1987)The Standard

Nordic Questionnaire can be found in Appendix A. This questionnaire ensured that participants
did notreport pain oinjury at the time of collection or in 12 months leading to the collection

(exclusion criteria).

Tablel. Participant demographigsior to fatiguelikeliness exclusion

Demographic Females (N=8) Males (N=)
Age (years) 22.9+3.8 251+4.1
Height (cm) 161.3+5.1 1787+ 88
Weight (kg) 60.5+09.1 68.5+ 108

The study protocolvasreviewedby the University of Waterloo Office of Research

Ethics Committee andasapproed (ORE# 41674).

6.1.2 Motion Capture Instrumentation

Participants vereinstrumented with wholdody passiveeflective markergFigure5).
Passive reflective markefé4mm)wereplaced on anatomical landmarksdtenrigid passive
reflective marker clustergaur markersfor each cluster with the exception of the thigh clusters
which hal five marker$ were affixed to the shank, thigh, pelvis, trunk, upper arm, and lower
arm body segmentsa Velcro strapsStatic calibration trial§Vicon, Centennial, Co, USAwere
calectedwith the full reflective marker set after whittterigid clusters remaedon the
participantdor the duration of the lifting taskollectionand theanatomical landmarksere
removed with the exception of the headnd, radial styloid, ulnar styloittunk markers (C7,

T7, Xyphoid, anduprasternal notghand foot markerslhe rigid cluster markerseave used to
track the motion of the anatomical landmark markers based on the static calilidaxonotion
within the box lifting task were also tracked using passive reflective markers placed on the four
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corners of the boxThe passive reflective marlismotions werecaptured using a 1@amera

Vicon motion capture system (Vico@entennial, Co, USPpsampled at 100Hz.

Antenor View Postenor View

. Anzzomical Marker

Figure5. Passive reflective motion capture marker and cluster placement.

6.1.3 Fatigue Lifting Protocol

After completion of the demographics survey and the initial collection questionnaires,
participants were instrumented with anatomical landmark reflective markers and segment
reflectivemarker clusters. Once the participants were prepared, the collection sjgace wa
calibrated, and a statparticipantcalibration trial was collected with participants standing in a

motor bike pose where upper arms are abducted and elbows are flexed to 90 Bagiegmnts
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completedwo-handedloor-to-shoulder height box liftsta selfselected pace for 60 minutes or
until volitional fatigue. Three shelves were set up in succeg¢Bignre6) andonebox was
assigned for eaobf the threeshel/es all containing the same load. Each particiganequired
lifting load correspondito 30% of their maximum box lifting capacity as determined by the
EPIC Lifting Capacity testMatheson et al., 1995participants approached the first shigted

the box from flootto-shoulder heightand then progressed to the next shelf. After the third shelf
lift was completgthe participant walked to a starting line and approached the first shelf again

where the boggswerereset to the floeheight by a lab assistant.

Figure6. Shows the floeto-shoulder height box lift set uphere participants performed a

fatigue lifting protocol.

Following every 15 lifts participants were asked to provide their rating of perceived

exertion(RPE)based on the Borg-B0 scalgBorg, 1982) Participants were also asked if they
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were ablgo continue the lifting protocol. If the participant was able, they continued the protocol
for another 15 lifts. If the participant was not able to continue, the protocata@sedand this

wasidentifiedasvolitional fatigue.

6.14 DataProcessing

Reflective marker data wepocessed within the Vicon Nexus software (Vicon,
Centennial, CO, USA). Marker trajectory gaps were filled using the rigid bodyrfition
which requires the position of three closely related markers (typically from the same cluster) to
fill the missirg data. When rigid body fill was not an option (less than three associated markers
available), pattern fill was used to fill the gap based on one associated marker. If the gap was less
than 200ms and rigid body fill and pattern fill were unavailable (socated marker available),
a cubic spline was used to fill the gap in the marker trajectory data. Data queaktyisually
assessed on two separate occasions, first within the Vicon Nexus software, and second using a
custom Python code to plot the thidienensional trajectory data of all markers 2ZPySpyder

v.3.3.6)

After the marker trajectories were fully checked for high quality data, the motion capture
data were imported into Visual3D (v.6.01.03Motion, Germantown, N@, USA). Visual3D
was firstused to create a subject specific kinematic model using the anatomical landmark data
from the static calibration trial. The kinematic model included bilateral foot, shank, thigh, upper
arm, lower arm, and hand segments, as well as pelvis and trunk sefpneath participant.
ISB recommendations were followed to define all segment coordinate sy$tenes al., 2002,

2005) A hip joint centerwas determined using methods detailed by Bell ef18189) The
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glenohumerajoint center was projected as 50mm inferior to the acromion along the axial axis of

the trunk(Nussbaum & Zhang, 2000)

Visual 3D was used to calculate joint center locations and joint angles. Firstly, all
landmark marker dataevefiltered with aduatpass2™ order low pass Butterworth filter with an
effective cutoff frequency of 6H{Winter, 2009) Using the filtered joint trajectory data, joint
center locations and angles were calculaletht angles for the ankle knee hip and trunk were
exported and usezhlculatea lifting index, where & o h e nn@easur®oéffect sizewas used
to characterize kinematic changes from initiat-{atigued and final (fatigued) lift§see section
6.1.5 below. To properly condition the data for avatar motion seeding within Santosgsten
6.2.1 below), projected landmark trajectory data were exported from Visual3D and imported into
Vicon Nexus where the dateevefiltered with a zerdag 2" order low pass Butterworth filter
with an effective cubff frequency of 6HZWinter, 2009) The dataverenot dual pass filtered
twice. The C3D file format exported from the Visual3D software did not allow filtered landmark
data to be exported as a C3D file, where the landmark datritical to dive the avatar
motion.In addition,the data required impting into Vicon Nexus and exported as a C3D file

format via the Nexus platform for proper compatibility with Santos Pro.
6.1.5 Defining Fatigue Likelihood Criteria

Although 15 participants completed the repetitive lifting protocol, only those who likely
fatigued were included in the analysI$ireecritical metrics were used to define fatigue
likelihood. The first criteria required participants to complete more than 10 minutes of the lifting
protocol. It was assumed that participants who completed lesg @hamutes of box lifting at
30% of their EPIC determined maximum box lift did not have sufficient exposure time to reach a

fatigued state. &ondly, theRPEscorewas used as a decision criterion for inclusion into the
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analysislf participants did notriiculate a RPE value greater than 14 by the end of their lifting
protocol they were excluded from the simulation portion of the théskebsen et al(2014)

found associations between high exeri(>4 on the Borg CR10 scale) and high muscle activity

in the trapezius muscle when lifting. A Borg CR10 score wigdches score of 14 on the Borg

6-20 scale used within theollection protocol. In addition, Sundelin and Hagh¢t§92)found

that shoulder fatigue development, as defined by a mean power frequency decrease of greater
than 8% in participants electromyographic signal (infraspinatus and trapezius), corresponded to
Borg 620 scoe changes from 114. Combining these results, a RP#ue greater than Mas

deemed an appropriate fatigue-ofit

An additional requirement was required for participddéga to be included within the
simulation section of this thesis. Since research questimaimedto identify objective function
weightingchanges thanightoccur due to a change in postures with fatigue ;tateonly did
fatigue need to be likely,ub also postural differences had todiservedvhen comparing the
earlier lifts (unfatigued) and thénal lifts (likely-fatigued) in the protocol for the likely fatigued
participantsTo quantify postural differences that likely occurred due to fatijeenagnitude of
the postural changeom initial lifts to final lifts must be outside of what is considered normal
trial-to-trial variability (Frost, Beach, McGill, & Callaghan, 201%)itial and final lifting
postures were characterized usangostural index (§uation8).
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Equation8. Shows the modified postural index equation where the inputs are the corresponding

joints sagittal plane joint angle in degrees and the outplé¢ ipostural index ratio.

29



A postural index valuavas calculated from sagittal plane joint angles of the arkklee,
hip and trunk where a value closer to one implies a leg (squat) dominant lifting posture and a
value closer to zero implies a back (stoop) dominant lifting poéBinegyessLimerick &
Abernethy, 1997)This alculation is based on the origin posture of aVfsual3D joint angle
outputs for the frame number than corresponded to the origin of the first Ehtiftast 10 lifts
on shelf #lwere extracted and used to calculate a postural index. Ten liftcha@sen as Frost

et al.,(2015)found upper and lower limits of kinematic variability were defined successfully in

96% of al l instances with 10 trails. To deter
postur al i ndex v aidiza alsulatioa (EquatidPewa®cendustedewitHine ¢ t

SPSS (Version 26, IBM Corp., Armonk, NBffect sizes were classified based on the standard

effect size scale seen in TaRl€Cohen, 1992)To be included within the simulation analysis,

postural index changes from aniatigued state to a likelfatigue state required a large effect

size; therefore, any Cohendés d ef fhaftert size | e
combining theseniclusion requirements, 5 subjects were removed and 10 were retained.
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Equation9. Shows the Cohenés d EffectindBx ze equatio

differences with fatigue state within subjects.

Table2. Shows the different Cohends d effect Si z

greater than the defined threshold corresponds to the adjacent effect sizedefinit

Effect Size Classification Threshold Value
Small Effect Size O 0.2
Medium Effect Size O 0.5
Large Effect Size O 0. 8

30



6.2 Simulation Methods

6.2.1 Avatar Motion Seeding Configuration

Prior to running simulations, the box lifting origin atéstination postures were defined.

The originand destination of the lifvas defined using the bottoleft box marker position and
velocity datarespectively. The box lift origin was defined when the bottom left box tracking
marker was displaced by 5cmthe global Z positiofusing the standard engineering
convention)rom its resting position on the bottom shelf height. The box lift destination was
defined as the frame number when the sum of marker velocities in X, Y and Z axes was equal to
zero. This zeravelocity point was defined after peak marker velocity (peakvadocity during

the lift). All origin and destination points were checked for accuracy prior to leveraging them to
drive postures within Santoéd/hen simulating postures, only timgtial andfinal box lift were

used corresponding to the-tatigued andikely-fatigued states, respectively.

To establish baseline joint angles informed by motion captue@natomical landmark
trajectorydata from the Vicon Nexus software was imported into Santo3\Rtioin Santos Pro,
anatomical hardpoints (virtual lamérk markers) were added to the Santos avatar in an identical
manner to the anatomical marker positions on the participants within the experimental protocol.
Marker placement was mimicked as closely as possible; however, due to the inability to palpate
physical landmarks, some anatomical landmark misplacement errors may have persisted. Using
the anthropometric data from the participants the avatars height and weight was scaled to match
the anthropometry of each participa¥tiotion capture data from the ref@nt anatomical
landmarks was paired with their respective virtual anatomical hardpoidtsédhe avatars
motionherein referred to as motion seediig.ensure each segment was mapped appropriately

onto the avatar, two landmark markers were mappedgmgnent as the anatomical landmark
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mapping works to minimize the error between hardpoints and the input landmark data (mapping
example seen in Figure 7 below). If all landmarks were included, priority would be given to
segments that included multiple landrk markers such as the pelvis and trlwadmark

mapping can be seen in Table 3 beldwe approach of comparing all relevant joint angles

within Santos Pro rather than comparing Santos Pro outputs with a more commonly used
biomechanical human modellisgpftware was chosen because it allowedsistency between

the number of degrees of freedom that the underlying model contains providing a more direct
comparison between simulation and motion capture recordedldatbangle data for the ankle,
knee, hp, trunk, shoulder, and elbomereextracted for each of their respective degrees of
freedom as defined within the model. Resulting data deasehe benchmark data against which

the optimizatiorbased predicted behaviowsrecompared
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Figure7. Shows the anatomical hardpafivhite markersplaced on the avatar in the same
positions as the anatomical landmark markers of the experimental participants.
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Table3. Shows the which landmark markers were mapped to their associated anatomical

hardpoints (virtual landmark markers) for each body segment.

Segment Landmarks Mapped

Bilateral Foot 1%tand 3" Metatarsals

Bilateral Shank Medial and Lateral Malleoli

Bilateral Thigh Medial and Lateral Femoral Condyles
Pelvis Left and Right Anterior Superior Iliac Spine
Trunk C7 and Center of Manubrium

Clavicle and Shoulder Blade Left and Right Acromion

Bilateral Upper Arm Medial and Lateral Epicondyles

Bilateral Lower Arm Ulnar and Radial Styloid Processes
Bilateral Hand 2" and §' Metacarpals

6.2.2Internal Avatar Constraints

Anthropometry within the Santos Pro software is scalable where link lengths are based on
the ISQ3411(International Organization for Standardization, 20@mthropometric data and the
segment mass proportions aredzhen the generator of body program data (GEB@Dgng et
al., 1994) Each avatawasscaled using the buiibh anthropometric surveys previously
mentiored The scalingvasbased on participant height and weight as extracted from the

demographics portion of the experimental data collection.

To ensure simulation differencegredue to the objective functions, internal constraints
outside of anthropometmgmainedconsistent. Default joint range of motion limit data within
Santos Prevere used In addition, jointtorque limitswerestandardizedatthe default limits
defined within Santos Prehich were obtained from multiple strength studi€shalan et al.,

1989; Gill et al., 2002; Kaminski et al., 1999; Kumar, 19986) zero moment point (ZMP)
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internal constrainivas alsancluded in thebox lifting simulation(Matsunaga et al., 2004; Xiang

et al., 2007)Zero moment point is a siifity constraint assuming that balansanaintained by
ensuring the ground reaction force at the feet must be within thel i v badeuohsuppart.

The zero moment point concept was developed mainly for bipedal robot locomotion modelling

but has beenegn to be effective in simulations of lifting tasks as \@€lkng et al., 2008)

6.2.3 External Avatar Constraints

To create a realistic simulation for comparison with experimentally collected kinematic
lifting data,external design constraints are also required. Within Santos these are defined using
endeffectors, marker targets, vision marker targets, and point loads. Aeffestbr is a point
that can be linked to any point on the avatar and is designed to intéhaattarget point

defined in space. An ereffectorexample within Santos Paan be found ifrigure8 below.

Figure8. Shows enekffectors within the Santos Pro softwatea( circular points).
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The marker target is a point that the -@ffiéctor is constrained to contact and can be
placed anywhere within the virtual space. Marker targets can be individual points that a single
endeffector must contacg bounded line where ereffectors are constimed to contact any
point on the linepr abounded plane where esdfectors are constrained to contact any point
within theplane. Bounded lines and planes are adjustable in size and orientation to suit a desired
goal. An example of a point, boundeddjrand bounded plane marker target can be seen in

Figure 9 below.

Figure9. Shows three different marker target tyfesrple circular pointsincluding the
bounded line (left), the bounded plane (middle), and the bounded point (right) marker targets.

Point loadqreactionforce vectorscan be applied to the avatar in any orientatkam
example, a hand loaturinga lift can be represented hypoint load acting in line with gravity.
Point load magnitudes can be adjusted and can be applied bilaterally and unilaterally when

applied to limbsFigure10 below shows a point load applied to the hand of a Santos Pro avatar.
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Figurel10. Showsa point loadvectorwithin the Santos Pro softwaggreen circular point with

green vector arrow)

To simulate thdox lifting for participants who completed the experimental data
collection, eneeffectorswereplaced bilaterally on the avaté?¥ and %" metacarpaland  and
5" metatarsalAll endeffectos wereconstrained t@orresponding marker targets that were set
to the eame global position as the passive reflective markef r om each participar
experimental data at the origin and destination of the boX hit effectively constrained the
avataros feet and hands to the shamsoftheocati on
avatar degrees of freedom open to the influence of the objective functions and their assigned

weightings.

Within the simulation software, the applied load can influence the posture prediction;

therefore, hand forces, by means of point $pakere applied bilaterally to th& 8netacarpal
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phalangeal joint with the forces acting in line with the globaki® (in line with gravity)The
load was assumed to be equally distributed betwedeand righthands and inertial effects of

the load vere not considered

The objective functions within Santos Pro haverbpreviously discussed 8ection2 4.
In this thesisthreeof theavailableobjective functionsvithin the Santos Pro software were
evaluated including the minimization: @iscomfort,Maximum Joint Torque,andTotal Joint
Torque Joint displacemerand effort weranot evaluateésthe discomfort objective function
encompasses similar assumptiarisle adding objectives such avoidiegd ranges of motion
The minimization of thehange inpotentialenergy objective functiomwasnot evaluateas it
was previously found toot be a significant factor in governing human postorgrol (Marler et

al., 2009)

Forboth origin and destination of the box lift, as well asuhdatigued and fagued
states (first and last lifts, respectivelghjective functionsveresystematically altered to
generateunique set oposturedor eachcombination of objective functiorfer each
participant.Consideringhreedifferent objective functions arelevenweighting values (100%
in 10% increments)l331 simulationsof different objective function weightinggereevaluated
for each participant within eadift posture and fatigue stat&nkle, knee, hip, trunk,
glerohumeral, and elbow joirgingle datavereretained for comparison with the experimental

data.
6.24 Statistical Methods
Research Questionvlasaddressed usingreormalizedroot mean squared errQRMSE)

approachFirstly, the simulated joint angles for the different degrees of freedom at each joint

38



were subtracted from the experimental seeded joint grijleded by the total range of motion

for each specific degree of freedpamd squared to output a normalizethij degree of freedom
squared errofEquatiors 10, 11, 13. These differences were averaged across the different
degrees of freedom within a joint to produce an average squared joint error. For example, the
ankle joint includeswo degrees of freedom; thefore, left and right ankle squared errors were
divided byfour representing the total number of degrees of freedom bilaterally for the ankle. In
total, six joints were included to present a total joint error similar to methods from Xiang et al.,
(2010).To create the root mean squared error (RMSE), the average of the squared error

differences for each joint were calculatequared and expressed as a percentage
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Equation10. Shows the calculation for normalized difference between the simulated and motion
seeded joint anglds—. This calculation was completed for all degrees of freeff@of) with
each of their respective ranges of motfRoM). All normalized differences were squared.
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Equationll. Shows the calculadbin of the average normalized joint erro) across all degrees of

freedom within a joint.
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Equation12. Showstheroot mearsquared errolRMSE) for the combination of six joints of
interestWhere the mean of the six average joint squared errors are calculated and the square

root of that value isound and expressed as a percentage.

Resulting RMSE values were plotted as a fiomcof objective function weightingss

seen in Appendix C. Since RMSE responses were only calculated at a 10% objective function
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weighting resolution, the trugbjective function configuratiothan results in the lowest error

may actuallybe found betweethe chosen resolution poinfsresponse surface methodology
approach was taken to bypass ¢tbenputationally cumbersomrmeethod ofsimulatirg each

possible objective function weightingmfigurationavailable within the softwardhe response
surface metodology takes a set of measured variables, fits the surface with a multivariate
function and optimizes that function to find a maximum or minimdime normalized RMSE
responseurfacesvere fit with a functiorleveraging a multivariate regressi@s®eé Equatiodl
below for a sampléunction) (Cecen202]). Data wereorganized into a structure as seen in
Table4 below, where objective function weightings and the associated error response values
wereused to determine functions which will predict greor response surface for each sulfjext
lift posture and fatigue state. Being a multivariate regresstaralReswereoutput for linear,
quadratic, cubic and quintic poweosdetermine the best fit. predicted Rwas calculated using
aleave one outl{OO) crossvalidationapproachas a metric of model owditting, where an

overfit model may not predict new data points with high accur@weyo criteria were used to
determine which regression model 6s ecguation w
function weighting coefficients. Firstly, éthighest Rwas chosen assuming it was an
improvement over the lower power by afd® at least 0.05. Secondly, the highe$tas only
chosen if the difference between theaRd the predictedRvas at most 0.05. Once the best
regression model was chosen, the associated regression equation was optimized to find the
objective function coefficients with the least erfdbtathworks,R2020, Natrick, MA) The

objective function configuration with thedst error as determined by the optimized regression
equations were retained for the investigation of Research Question 2 for each participant, lift

posture and fatigue state.
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Equationl3. Is a sample polynomial regression equation, adaptedArona (2017) for

modelling an error surface generated ugtagation10 for each objective function weighting

where X.3 are thethreeobjective functions being used within the simulations. A, B, C, D, E, F,

G are coefficient values within the model determined by the least squares difference between the
model pedicted error responsand the error resporsebtained in Equatiof0. Variable n

represents a value between one tmdecorresponding to the different objective functions.

Table4. Shows the organization of inputs the regession model wher& .3 are the four
objective functions being used within the simulatiand the error responsethe calculated

error using EquatiofO.

Response Error
Popint X1 X2 X Response
1 0 10 20 T suml
2 10 20 30 T sumz2
3 20 30 40 T sum3
é é é é é
1331 100 100 100 T sum1331
AShapireWi | kés test of normality was compl eted

objective function weighting coefficients were normally distributed within an objective function
(Version 26, IBM Corp., Armonk, NY)Significance was evaluated with an alpha value of 0.05,

wherea resultant gralue less than 0.05 would mean that the data deviated significantly from the
normal distribution. With results that deviate from the nornfalrai e d mandés test i s r
appropriateThr ee r epeat ed twe\way analysis of Variance tbsheaen 6 s

conducted within the SPSS softwanae for each objective functioveighting The dependent

variables are the best objective function weightioefficients as determined by the multivariate

regression equations and the independent variables are the postures and fatigia stiples
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value ofless tharD.05determined if significant differencegere detected betweeam objective

functions weghting coefficients acrodscation or fatigue stateonditions.
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7.0 Results

7.1 Fatigue Inclusion/Exclusion

Tenparticipantsdemonstratedufficientevidenceof fatigue and their dataewveretained
for analysisA total of five participants demonstrated volitional fatigue, an RPE greater than 14
and a large effect size difference in4past postural index values (Table 5). Five other
participants completed the full 68inute protocol; however, on completion tithese
participants reported an RPE greater than 14 and showed postural index changes which
supported their inclusion into the analysis (Table 5). The five remaining participants were
excluded.One participant was excluded as they did not meet the coamptehe of at least 10
minutes, three participants were excluded based on their final RPE scorédeiigssand one
participant was excluded for their effect size being less tha\@dal of 10 participants (6
Female, 4 Male) were retained foethext phase of analysis (Table Megan and standard
deviation postur al index scores for each part

Appendix B.
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Table5. Shows participant inclusigexclusion decision criterihere grey boxes indicate which

stage in the decision criteria, participadétdawere excluded frornthe simulaton phase

Completion Total Lifts Postural Index Inclusion

Participant Time (min) Completed Final RPE  Pre-Post Effect  Decision

Size (Yes/No)
1 38 333 19 2.38 Yes
2 35 285 20 2.68 Yes
3 60 510 16 1.36 Yes
4 59 615 19 1.26 Yes
5 60 540 17 4.78 Yes
6 60 495 17 1.76 Yes
7 27 255 20 1.4 Yes
8 60 510 18 1.91 Yes
9 60 495 18 1.66 Yes
10 57 345 20 2.23 Yes
11 60 450 17 0.59 No
12 7 60 17 N/A No
13 60 489 9 0.02 No
14 60 420 14 0.57 No
15 60 450 13 0.81 No

Table6. Demographics information for the final set of participants included within the

simulations section of this thesis.

Demographic Female(N=6) Male (N=4)
Age (years) 22.2+4.0 26.8 £ 3.9
Height (cm) 162.2+4.0 176.3 £ 11.5
Weight (kg) 61.9 +10.2 64.5+11.0
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7.2 Simulation Root Mean Squared Error

RMSE error was plotted as a function of objective function weightings for each
participant, specific to each location and fatigue state condiigare 11demonstrates the
RMSE error plot folParticipantd, as an example.d®ainng plotsfor each participant in each
condition are provideth AppendixC. Based on the exemplar ptdeast error objective function
weighting configurations (dark blue data points) tended to priothizeninimization of
discomfort objective function with mimal contributions of the minimization of maximum and

total joint torque objective functions.
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Figurell Shows the normalized RMSE error response for particesiere each axis

represents a respective objective function weinghtithin the multiobjective optimization

model (Santos). The colour basrresponds to the normalized RMSE calculated at each

objective function weighting where dark blue represents the lowest error and dark red represents

the highest error.
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7.3 Multivariate Polynomial Regressions

Each participant and condition specific RMSE surfacefiwasing a multivariate
regression equatioModels were fiusinglinear, quadratic, cubic and quintic pow&ss
determine the best model tygéhe type of model was specific to each RMSE surface vilvere
RMSE surfaces were best fit usingirzearmode| threeusing aquadraticnodel| 13using a
cubicmodel| and22 using quinticamodel(Table 7) Themean Rsquared model fit across all
modelswas 0.50 + 0.1¢Table 7) Mean predicted quared, using the LOOV approach
across almodelswas 0.47 + 0.1§Table 7) Mean residual RMSE across albdelswas as
2.51% + 1.08% normalized RMSKTable 7) Model fits varied between participant and
condition. An éemplarscatter plot demonstratpsedictednormalized RMSE vs actual
normalized RMSHor participant {) (Figure 12) Remainingmodel fit plots are provideith

AppendixD.
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Table7. Multivariate model statistics for each participant under each conditiofis B
predictedR? value calculated with a leave one out cross validation. RMSE is the root mean
squared error of the residuals between the actual ighugsand the model predicted lvas

Participant Un-Fatigued Origin Un-Fatigued Destination
Number Power R? PR RMSE Power R? PR RMSE
1 4 054 051 1.57 3 0.53 0.51 2.54
2 4 0.66 0.64 1.74 3 0.62 0.61 2.37
3 2 0.24 0.23 1.63 3 0.73 0.72 1.75
4 2 0.73 0.72 2.50 1 0.27 0.26 5.01
5 4 0.65 0.62 1.57 4 0.50 0.47 2.81
6 3 052 0.50 3.14 4 0.67 0.65 1.83
7 1 0.32 0.32 1.99 3 0.24 0.21 3.38
8 4 0.41 0.37 1.83 3 0.36 0.34 4.01
9 4 0.60 0.57 1.23 3 0.40 0.38 3.10
10 4 0.71 0.69 1.58 4 0.68 0.65 2.31
Participant Fatigued Origin Fatigued Destination
Number Power R? PR RMSE Power R? PR RMSE
1 4 0.52 0.48 1.69 4 0.45 0.42 3.73
2 4 0.36 0.32 1.94 3 0.61 0.60 3.66
3 3 0.35 0.33 291 4 0.67 0.64 1.98
4 4 0.53 049 1.48 2 0.26 0.25 5.27
5 3 0.41 0.38 2.26 3 0.35 0.33 5.18
6 4 0.45 043 3.82 3 0.47 0.45 2.66
7 4 0.31 0.26 2.26 4 0.62 0.59 1.75
8 4 0.49 0.46 1.95 4 0.73 0.70 1.60
9 4 0.28 0.23 2.27 3 0.35 0.33 2.95
10 4 0.63 0.60 1.20 4 0.73 0.70 1.83
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Figurel2 Shows the predicte@) vs actualy) plots displaying model fit foparticipant8 under

each conditionThe solid line represents avalue of 1.



7.4 Predicted Lowest Error

Regression models were optimized to determine the weighting coefficients for each of the
three objective functia Since resultant objective function weightiogefficients were not
normally distributed, the median and interquartile range of the regression predicted lowest
normalized RMSE for each posture and fatigue state is shown in Figure 13 deldian
optimal weighting for the minimization of discomfortjebtive function ranged between 50 and
90%, while the median of the minimization of maximum and total joint torque were all 0%.
Interquartile range for the minimization of maximum joint torque was 31.2% and 6.1% for the
un-fatigued destination and fatiguedgin conditions, respectively.east error objective
function weighting coefficients for each participant under each lift posture and fatigue state are

shown in Table 8.
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Figurel3. Shows the median amaterquartile ranges of objective function weightings which had
the lowest regression predicted RMSE between the simulation and experimental data for each

posture and fatigue state. JT stands for Joint Torque
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Table8. Shows the model predicted objective function weightimgfficientsto minimize normalized RMSE
where Disc is the minimization of discomfort objective function, Max JT in the minimization of maximum joint

torque objective function, and Total JT is thenimization of total joint torque objective function.

Participant Un-Fatigued Origin Fatigued Origin
Number _ Max Total . Max Total
Disc Disc

JT JT JT JT

1 37 0 0 0 0 0
2 32 0 0 0 100 100

3 90 0 0 51 8 0

4 100 0 0 97 0 0

5 50 11 0 59 0 0

6 30 0 0 100 0 0

7 100 0 0 31 0 0

8 83 0 0 96 0 0

9 35 0 0 43 26 0

10 50 15 0 100 0 0

Participant Un-Fatigued Destination Fatigued Destination

Number DI Max Total DI Max Total
IS¢ T T ¢ T T

1 26 1 0 38 0 0

2 100 0 0 92 0 0

3 25 0 0 100 0 0

4 100 100 0 88 0 0

5 100 0 0 100 0 0

6 87 0 0 32 0 0

7 16 0 0 88 0 0

8 26 41 0 50 13 0

9 62 49 0 100 0 0

10 86 0 0 38 0 0




7.5 Assessing Systematifferences with Fatigue State

A Shapro-Wilk scoretest of normalitywasconductedor each objective function under
both fatigue states arift postures All but two conditions were significantly different from a
normal distri but i@nlydgcdinfodinhe ulisfigued Eriia &nt fatigud )
destination conditions were normally distributed where the rest of the data were skewed.
Table9. ShapireWilk significance score for the multivariate regression model predicted best

objective function weightings. The ShapWdlk score was calculated for each objective

function,lift postureand fatigue statd.he minimization of discomfort, maximujoint torque,

and total joint torque are denoted by #ADiscbo,
Fatigue . Max Total
Posture Ste?te Disc IT IT
Origin Un-Fatigued 0.087 0.000 0.000
Fatigued 0.020 0.000 0.000
Destination Un-Fatigued 0.001 0.000 0.000
Fatigued 0.062 0.001 0.000

Three pairwise Friedmandés tests were condu
Friedmands test summary statistics for each o
wereno statistically significant differenc¢sU O fo@ind Bcko}s all ealitionsandobjective

functions

Tablel0. Fri edmands test statistic, dewluegfers of fr
each objective function which encompasses all conditibms.minimization of discomfort,
maximumjointtorqueand t ot al joint torque are denoted b

respectively.

. . : Max Total
Objective Function Disc 3T IT

Test Statistic 0.582 3.278 3
Degree of Freedom 3 3 3

Significance 0.901 0.351 0.392




8.0 Discussion

This study revealed that the minimization of discomfort, not maximum or total joint
torque, was the objective function responsible for predidifingrigin and destination postures
with the least errorelative to empirically measured postur@sditiondly, fatigue state did not
influence the objective function weighting configuration that resulted in the leastréarong
one objective function (discomfort) responsible for predicting the least error between simulated
and motion capture kinematics rsgontrast with our research outcome theory that least error
objective function weightings would include a combination of-nero weightings from all three
objective functionsObjective function weighting configurations did not shift from higher
weightings of discomfort to higher weightings of maximum and total joint torque when changing

from an unfatigued to a fatigue state posture; thus, hypothesis two was not supported.
8.1 Response Surface Approach to Find Best Objective Function Weightings

Leveragimg surface respongeethodologyis a novel approach to estimate the objective
function weighting configurations that best predigperimentalifting posturesThe goal was to
generate a response surface, fit that surface with a function and optimiaedtienf toidentify
the objective function weighting values of interest. Using a response surface methodology
approach not only allowed for an estimate of error response values that lie between the weighting
resolution points that were simulated, but a@Bowed for the visualization of the error response
surfaces and quantification of model fit which can provide important insight into how the
optimization is functioningThis study is the first to apply an RSM approach to identify optimal

weighting functon configurations, where past efforts have relied on alternate approaches.
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Previous researchers have leveraged other techniques to identify the best objective
function weightings to minimize error between simulated and experimentaKiatg. et al.,
(2010) and Song et al., (2016) both simulated lifting tasks and compared the posture prediction
outputs to motion capture to calculate an error response with the goal of determining the
objective function weightings with the least error. Xiang et al., (20d&luated the
minimization of total joint torque and maximization of stability objective functions and Song et
al., (2016) evaluated the minimization of maximum joint torque and minimization of motion
jerk. Both Xiang et al., (2010) and Song et al., (2046)simulations at 10% weighting
resolutions to makénd the least error objective function weightings between simulated and
experimentally captured joint angléhe actual best weightings, however, may lie between
resolution points and the response acefmethod used within this thesis circumvents the
limitation of only having a particular simulation resolution by fitting a multivariate function and
predicting among all weighting possibilities. Bataineh (2012) used an artificial neural network
(ANN) appoach to estimate objective function weightings that predict the least error when
compared to motion capture data. Similar to how multivariate functions were developed to fit the
response surface within this thesis, the ANN approach allows for a furztienfit to the data
within the hidden layers. This allowed for the best weighting configurations to be chosen without
being limited to a chosen simulation resolution as seen in Xiang et al., (2010) and Song et al.,
(2016) The ANN approach, however required manual, subjective predictions of the best
objective function weightings for different tasks to train the model and the subjectivity of the
model training can influence the outputdlod ANN. With the response surface methodology
approacno manual estimates of least error objective functvesrerequired to trairthe model

because the model fits the data directly using a regression approach.
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8.2 Least Error Objective Function Weighings

Using a single objective functigredicted postures witthe least error whecompared
to motion seeded floeto-shoulder liftorigin and destinatiopostures. This result held true
regardless of the lift posture or fatigue state. In contrast, pregidies have shown that
posture and motions are better predicted when combining various objective functions using the
multi-objective optimization approach. Song and colleagp@%6)considered minimizing total
joint torque and minimizing smoothness for tdionensional lift prediction and found that
combining these objectives produced more realistic results. Xiang et al., (2010) reported similar
conclusions with the kinematics of lifg tasks, where it was observit the use multiple
objective functions simultaneously allow for the better prediction of experimentally captured
joint anglesHowever, neither study considered a discomfort objective, where discomfort is

already an inhently a multifaceted function.

Even though the minimization of discomfort is not a true single objective function, it has
previously predicted postures best when combined with other objective functions within-a multi
objective optimization problenfrrevious studies by Marler et al2006b; 200) still suggest,
however that prediction accuraayf the discomfort objective functiazan be improved when
combined with the minimization of the change in potential enexgyharacteristic no
considered with the discomfort functiorhis improved performance was evaluated qualitbtive
by visual comparison f one subj ect 0 s;therefaaecitis not&nowndowg et p o st
greatly the addition of the second objective function reduceigogrediction erroor if more
participants would have showed the same re8ueparatestudy did quantitatively investigate
an error between motion capture and simulated joint angles while considering four different

objective function weighting configations for the minimization of discomfort, joint
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displacement, maximum joint torque, and total joint tor@@egaineh, 2012)Batainetstill found

that thebest postures were predicted when combining discomfort with other objective functions
including tke minimization of joint displacement, maximum joint torque, and total joint torque.
There are clear discrepancies between the results presented within this thesis and the results
found within the relevant body of literature. The differences seen witlippji®@aches in this

thesis may be due to the normalized joint angle errors that were considered, the additional
degrees of freedom considered within the error calculased within this thesjsand the

overlapping objectives between discomfort and thguebased objective functions.

8.2.1 Joint Error Normalization

The normalization method used when calculating RMSE responses may explain why
results from this thesis differed from previous findings. Previous research comparing joint angle
errors between g@erimentally captured data and simulation data used absolute values for their
joint angle comparison®ataineh, 2012; Song et al., 20X8ang et al., 2010)Within this
thesis, all joint angles were normalized to the range of motion defined for its respective degree of
freedom. The normalization process could prove to be an improvement to previous methods as
joint degrees of freedom wiita greater range of motion will not dominate the error in the
combined error responses. For example, the range of motion for ankle dorsi/plantarflexion is 83
degrees while range of motion for hip flexion/extension is 143 degrees as defined within the
Sanbs modelThis means that the hip flexion/extension error has the potential to be much larger
than the ankle dorsi/plantarflexion error which can lead to the hip contributing more to a total
error value than the ankli.the objective is to evaluate theauracy of wholebody error
between optimization predicted and motion seeded data normalization should be used to ensure

equal weighting of errors across all joint degrees of freedom.
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8.2.2 Including All Joint Degrees of Freedom

Inclusion of all joint degges of freedom when calculating an RMSE value may have led
to the prioritization of a single objective function rather than a combination. In this thesis,
transverse and frontal planes were of particular importance to consider as the experimental
fatiguedlifting protocol did not constrain participants to symmetrical lifting motions and
participants were free to approach the box and shelf in their own desired manner. The
asymmetrical lifting strategies that may have been used by participants impliesntealtdnd
transverse degrees of freedom are likely important components of the lifting rfikaigma et
al., 1998) Unlike the current thesis which evaluajetht angles in upo threedimensiors (as
available) the majority of previous literate that evaluates objective functions focusses on
sagittal plane joint angldgyoub, 1998; Song et al., 2016; Xiang et al., 20Y@hen
considering sagittal plane lifting specifically, minimization of maximum joint to{égyeub
1998; Song et gl2016) andminimization of total joint torqué€Xiang et al., 201Q)were
effective at predicting lifting postures. Minimization of maximum and total joint torque objective
functions likely performed well for predicting symmetrical lifting tasks and irgles in the
sagittal plane, as these torque based objective functions were initially created with the intention
of explaining sagittal plane muscle activations in locomotion (i.e., also a predominantly sagittal
plane movemeni)Crowninshield & Brand, 1981; Ghista, Toridis, & Srinivasan, 1975; Pedotti,
Krishnan, & Stark, 1978When considering all joint degrees of freedom in the current thesis,
the torque based objective functions were not often weighted above zerpnetieting the
seeded motion. This may imply that transverse and frontal plane degrees of freedom do not
optimize for torque based objective functions with lifting tasks and perhaps there is an

opportunity for new objective functions to improve rgagittd joint angle prediction. This also
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suggests that the joint angles that were adopted by participants dunmggwigre effectively

predicted by the minimization of discomfort.

8.2.3 Discomfort and Torque Objective Function Overlap

Aspects of the minimetion of discomfort objective function may overlap with some of
the intended goals for the minimization of maximum and total joint torque objective functions.
The minimization of discomfort objective function is within itself a kinemaiased MOO
problemwith three factors that it considers: the tendency to maintain a neutral position, the
tendency to move body segments in a sequence (limbs, the spine, and then clavicle), and the
tendency to avoid joint limitéMarler et al., 2005)The tendency to avbjoint limits objective
may encompass the overarching goals of the minimization of maximum and total joint torque
objective functions. Depending on the task being modelled, avoiding joint end ranges of motion
may predict postures that reduce the momensado jointstherebydecreasing the resultant
torque. If minimizing the tendency to use joint end ranges of motion indirectly minimizes the
torques this may explain why previous research has found minimization of total and maximum
joint torques to be goagoredicters of lifting posture and this thesis did (#otoub, 1998; Song et
al., 2016; Xiang et al., 2012, 2010 he reason why the torque based objective functions may
not have outweighed the discomfort objective function in the opposing way even though they
have overlapping objectives, may be due to the added predictive ability that the two additional
objectives in the minimization of discomfort considers. In addition, torques for frontal and
transverse plane degrees of freedom may not be as high in sagittal plane dominant movements
such as a symmetrical box lifting. Since the torques are likely lower, tiharolieg control
mechanism for these degrees of freedom may drift away from a torque consideration whereas the

control laws may still try to avoid bringing joints to their end range. Having aspects of torque
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based objective functions within discomfort nmegplain why it tended to predict the lowest

normalized RMSE between motion seeded and optimization predicted postures.

8.3 Objective Function Weighting Changes with Fatigue

It was hypothesized that objective function weightings would change as participants
altered their lifting strategies over the course of the protocol due to fatigue. This objective
function change was nobservedvhich may suggest that although participants altered their
movement strategy throughout the lifting protocol, they maintained the objective of minimizing
discomfort. This does not necessarily suggest, however, that maximum and total joint torque do
notply a role in the way humandés contr ol mov e me.l
based objectives effective at representing lifting td8sub, 1998; Song et al., 2016; Xiang et
al., 2012, 201Q)and as previously discussed the formulation of the discomfort objective function
may include aspects of torque based considerations. In addition, discomfatitpasform
torque based objective functions when prediction joint angles in the frontal and transverse
planesas the torque based objective functions were originally developed and validating for use
in sagittal plane muscles and joint torque optimizagi©mwninshield & Brand, 1981; Ghista,
Toridis, & Srinvasan, 1975; Pedotti, Krishnan, & Stark, 1978)us, sagittal plane joint angles
may be controlled by a different set of objectives than the frontal and transverse fldines.
work should investigate this theory by evaluating error prediction qpeaiace for specific

planes of motion and potentially specific joints individually.

Origin lifting postures of the included participants changed from aatigued to a
fatigued state; however, the best objective function weightings to model these padistunes
These findings may suggest that factors other than objective function weightings, such as

external constraints, may have compensated for these changes. More specifically, external

59



constraints were determined based on hand and foot marker Iscationf t he parti ci pa
and destination postures. During the collection, participants had the freedom to move their hands

and feet as desired to accomplish the lifting task; thus, the external constraints in the two fatigue
conditions were likely dferent. If the external constraints between fatigue states were different

for a given participant, the same objective function weighting may predict the different lifting
strategies demonstrated by the postural index differences. If participants handtdaddtions

were constrained to the same locations within the lifting protocol, objective function weighting

changes may have been the primary driver explaining the different lifting postures with fatigue.

8.4 Surface Response Model Fitting

The multivarate polynomial regressions that were used to fit a curved to the normalized
RMSE data had an averagesRuared values of 0.50. This means 50% of the normalized RMSE
response data were explained by the model variables (different powers and interactdasvari
of the three tested objective functions. For the most accurate predictions a hgghered
value is always preferred. It may be the case that competing objectives for different joints or
joint degrees of freedom may have led to a-noiform respase surface that was difficult to
model. For example, at the shoulder height destination of the lift, the elbow and shoulder joint
may have been minimizing the maximum joint torque so when higher weightings of that
objective were applied the total RMSE dessed for those values while the ankle, knee, hip and
trunk may have been minimizing objectives that align more with discomfort which increased the
RMSE response data. These types of competing interests between joints and/or joint degrees of
freedom mighsupport the consideration of joint or joint degree of freedom level optimization
for better predictive capabilities over a whbledy optimization approach. Future research

should investigate objective function weighting performance for different janctslegrees of
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freedom for a given task to understand the effects of joint specific optimization for posture

prediction.

The normalized RMSE response surface may have been difficult to model using the
multivariate regression approach due to special casesewie underlying optimization was
forced to find solutions which lgon a constraint plane. Figure 14 below, shows an example of
an optimization design space where the possible soluti@anithebeige/texturegblane.
Constraints (linear and ndimear) are expressed by g and the different minima for the three
objective functions (F1, F2, and F3) are represented by the black dots. When examining the F2
minimum and the g1 constraint, the true minimum for F2 is outside of the feasible solution space
andthe resultant possible solution near the F2 minimum all lie on the line of g1. We believe this
type of phenomenon was seen throughout the simulations that were conducted within this thesis.
Figure 15 shows a response surface for Participant 4 in thetigned, lift origin condition. At
discomfort weightings at and above 80, the normalized RMSE response is consistently the same
value. This likely suggests that the true minimum solution for these weighting configurations lie
outside of the feasible solati space and a constraint boundary is limiting the posture prediction
to that one posture that prodstke same RMSE value. This phenomenon was seen on a larger
scale in this example; however, it is possible that smaller cases of solutions falling toairtons
planes occurred elsewhere within the analysis. This phenomenon creates inconsistencies within
the response data which may contribute to the difficulties seen in predicting the error response

surfaces.
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Figure14. Example dsign space for an optimization problettained fromMarler (2005)

Where F13 minimum are the different objective function minimum solutions4 gée the linear
and nonrlinear constraint in the optimization problem, and2xare the design variables which
are being solved for. The beitgxturedsurfacerepresents the pareto optimal set of potential

solutions between the three objective functions.
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8.5 Impact to HumanIn-The-Loop Simulations

Thepresent work is the first of its kind to leverage a response surface methodology to
determine the best objective function weightings for modelling human postaissnethod can
be leveraged when determining objective function weightings for uniquevthgdkesunder
differentphysiologicalstates (i.e. fatigue) and environmental conditions (i.e. thermal).
Determiningthe best objective function weightings for unique taskates, and environments
canlead to a suite of more informed modelling guidelir@optimizatiorbasechumanin-the-
loop simulation softward=ollowing this,humanin-the-loop softwareenduserswill have the
necessary resources to inform objective function weightings which allow for the most accurate
predictive kinematic modelling @fvariety of relevantasls, states, and environmestof interest.
With better predictive models, more weight can be given to the evaluation of tsystams
interactions within the virtual environment, leading to decreased reliance on physical prototyping

and improved cost effectiveness.

8.6 Limitations

A sample size total of 15 participants were recruited for the experimental protocol within
this study and 10 total participants met the fatigue criteria to be included within the simulations
and thereforetatistical analysis. This may have limited our ability to see potential differences in
the least error weighting coefficients for the discomfort objective function from-fetigned to
a fatigued state. This small sample may have also limited the Vigyiaben within the
maximum and total joint torque objective function weightings. In addition to the sample being
small, the participants were all recruited within the university and therefore were all university
aged. Using various agenay have shown ffering results in least error objective function

weightings as Song et al2016)suggested.
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Though experimental participants were excluded if they did not meet the specific fatigue
criteria outlined in section 6.1.5, the dependent fatigue factors that were assessed are indirect
measures of fatigue. Subject RPE values greater than 14 have mmatedsvith muscle
fatigue(Jakobsen et al., 2014; Sundelin & Hagberg, 199@yever, since it is a perception
based measure, other factors suchaedom or changes in attention can influence the perceived
exertion of a participant othendn fatigue. Maximum voluntary efforts of critical muscle groups
required in lifting as well as electromyographic signal measurements of those muscle groups
would have been more direct ways to quantify and assess participant fatigue states. Additionally,
amore directed subjective measure of general fatigue) as the fatigue visual analog scale,

would better compliment maximum voluntary effort and/or electromyography measures.

This study leveraged the postural index as a way to generally quantify $ftatggy
change at the origin lift postu(BurgessLimerick & Abernethy, 1997)Lifting induced fatigue
has been shown to produce kinematic lifting strategy changes fromfatigured state to a
fatigued statéBonato et al., 2003; Fischer et al., 2015; Fogleman & Smith, 1995; Spailto
1997; Van Dieén et al., 1998)he postural index was used in this study as an effective way to
simplify the joint angles into a single measure to be compared across fatigue conditions. All
participants that were included within the optimizatimsed DHM simulations demonstrated a
large effect size between the first ten and last ten lift origin postures. Although postural changes
were confirmed via postural index changes, postural changes may have been artifacts of factors

other than fatigue s as a learning effect over the course of the lifting protocol.

The anthropometry of the digital human model avatar was scaled to the height of the
participantsased on the ISG411anthropometric survey. Unlike the Visual3D model

development, the sulgelink lengths were only scaled based on participant height rather than
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segment lengths as determined by anatomical landmark markers. This difference in segment
length estimation may have led to postural differences between the experimentally collected da
and the avatar seeded motion data. It is not known the specific segment length errors that were
present between the participants and their unique avatars; however, segment length measures or
estimates may be useful in the future to scale the avataesegof interest for improved

validity in seeding avatar motion with motion capture.
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9.0 Conclusions

A novel surface response methodology approach was leveraged to quantify normalized
RMSE between moticoapture seeded postures and ruoitjiective optimzationbased
predicted postures with varying objective function weighting coefficients. This approach yielded
an individual specific best objective function weighting for the origin and destination pastures
a lift under unfatigued and fatigued statdVhenidentifying the optimabbjective function
weightings, it was found that the minimization of discomfort alone tended to predict the best
postures that match the motion capture data regardless of lift posture or fatigue state and
therefore there wereorobserved systematic changes in objective function weightings with
fatigue state. Although torque based objective functi@ve been reported affective at
predicting sagittal plane joint angles, discomfort may be able to better capture transverse and
frontal plane joint angles. The discomfort objective function tendency to avoid joint end ranges
of motion may indirectly consider minimizing joint torques which also explains its high

prevalence in predicting low errors between motion seeded and opiimipetdicted postures.

The results from this thesis build on existing literature exploring the optimal control
theory and its utility within digital human models. The use of ralljective optimizatiorbased
digital human models is growing as they do dioectly rely on praecorded motion data to
simulate novel tasks. Further research is still needed to build on the existing suite of objective
functions to be considered within the models as well as to validate modelling state factors that
influence moement such as fatigue. Ultimately, more accurate digital human models which can
consider state and environment factords effec

prototype assessments of products and workspaces with himrdwedoop.
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11.0 Appendices

11.1 Appendix A

Mine:

Initial of first name: __  Initial of last name: __ Last 4 digits of social security number: __ ____ __ Immediate Supervisor: Date: __J___J
Job Title: Section: Gender: M F Age: Height: fi. in.  Weight:
How long have you been doing this job? years months On average, how many hours do you work cach week?

To be answered by everyone To be answered by those who have had trouble
Have you at any time during the last 12 months | Have you at any time during the | Have you had trouble at any
had trouble (ache, pain, discomfort, numbness) | last 12 months been prevented | time during the last 7 days?
in: from doing your normal work
(at home or away from home)
because of the trouble?
Neck
= No C Yes = No [ Yes [ No L Yes
Shoulders
No [* Yes, right shoulder
_ Yes, left shoulder ' No [ Yes " No T Yes
= Yes, both shoulders
Elbows
' No [ Yes, right elbow
~ Yes, left elbow 7 No 7 Yes ' No [ Yes
= Yes, both clbows
Wrists/Hands
No Yes, right wristhand
Yes, left wrist/hand = No 7 Yes ~ No [ Yes
Yes, both wrists/hands
Upper Back
~ No T Yes  No " Yes ' No [ Yes
Lower Back (small of back)
No Yes  No " Yes I No [ Yes
One or Both Hips/Thighs
~ No 0 Yes T~ No T Yes " No [ Yes
One or Both Knees
No Yes . No " Yes " No I Yes
One or Both Ankles/Feet
~ No ~ Yes " No O Yes ' No [ Yes

*Based on the Nordic Questionnaire
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11.2 Appendix B

0.9

Included Excluded
r B Un-Fatigued Means

0.8 .
M Fatigued Means

| . -- ;
e * '

0.3 ﬁ

Postural Index

0.1

1 2 3 4 5 6 7 8 9 10 11 12 13 14
Participant Number

Figurel6. Origin lift postural index scormeand standard deviatiof each participant under each fatigue conditiarticipants 4
10 were included within the simulation study and participait$5 did not meet the criteria for inclusion. Data frBarticipantl5

was excluded prior to analysis due to their protocol completion time being less than 10 minutes.
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Figure22. Normalized root mean squared error surfaces for Participant 6.
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Figure23. Normalized root mean squared error surfaces for Participant 7.
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Figure24. Normalized roomean squared error surfaces for Participant 9.



Figure25. Normalized root mean squared error surfaces for Participant 10.
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