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DEVELOPMENT AND EVALUATION OF POSTURAL CONTROL MODELS FORLIFTING

MOTIONS AND BALANCE CONTROL

Xingda Qu

(ABSTRACT)

Accurately simulating human motions is a major tiorcof and challenge to digital human
models and integrating humans in computer-aidetydeystems. Numerous successful
applications of human motion simulation have alyedeimonstrated their ability to improve
occupational efficiency, effectiveness, and safietyhis dissertation, a novel motion simulation
model using fuzzy logic control is presented. Thizdel was motivated by the fact that humans
use linguistic terms to guide their behaviors wiiiezy logic provides mathematical
representations of linguistic terms. Specificatiythis model, fuzzy logic was used to specify a
neural controller which was generally considerethasart in the postural control system that
plans human motions. Fuzzy rules were generateat@iog to certain trends observed from
actual human motions. An optimization procedure pe$ormed to specify the parameters of
the membership functions by minimizing the diffezes between the simulated and actual final
postures. This research contributed to the fieldushan movement science by providing a
motion simulation model that can accurately predatel human motions and provide
interpretations of potential human motion plannstrgitegies.

Understanding balance control is another reseaisfin this dissertation. Investigating
balance control may aid in preventing unnecessdlydlated incidents and understanding the
postural control system. Since human behaviorganerally effective and efficient, balance
control models (both two- and three-dimensionafeobon an optimal control strategy were
developed to aid in better understanding balano&@o Specifically, the neural controller was
considered as an optimal controller that minimae&rformance index defined by physical
guantities relevant to sway. Free model parameserd) as weights of relevant physical
guantities and sensory delay time, were determinyeth optimization procedure whose
objective was to minimize a scalar error betweenutated and experimental center-of-pressure
(COP) based measures.

Many factors, such as aging, localized muscle datigind external loads, have been found
to adversely affect balance control. At the samme tibehaviors during upright stance are
commonly characterized by COP-based measures. Thasges in COP based measures with
aging, LMF, and external loads were addressed img uke proposed models, and possible
postural control mechanisms were identified byrprteting these changes. Findings from these
studies demonstrated that the proposed modelsatsdreo accurately simulate human sway
behaviors and provide plausible mechanisms reggiumv the postural control system works
when maintaining upright balance.
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Chapter 1 Introduction

1.1 Motivation

The motion strategy adopted by human beings istaificby tasks and products, an
undesirable design of which can impair efficiereffectiveness, and safety. Therefore,
measures should be taken in order to improve tagkpeoduct design, and human motion is a
key factor that should be considered.

Two methods can be used to gather human motion(Ratzertson et al., 2004). The
first is experiment-based, in which human partioigaare instructed to perform specified tasks
in a real or replicated work environment and achuahan motion behaviors are captured. The
second is simulation-based, in which humans anevtitk environment are modeled by
mathematical algorithms and predicted motions @aoliained through the computation of
these algorithms given input data describing tekg@nd human participants. The first method
can provide more realistic human motion data; h@ravis only useful in the particular
scenario under which the motion was captured, lig @pplicable for a single person’s behavior,
and may be restricted by safety and ethical issu#sa simulation model is accurate, the second
method can be a more efficient means to obtairivelg accurate motion data, and can be
generally used to predict different motion scerafa different individuals.

Interest in simulating human motions spans divdrseiplines, including motor control,
animation, and consumer product design. Extensor& has been conducted for occupational

activities, in particular, with several modern cangy aided design (CAD) systems including



humans widely used for task and product design.cufately simulating human motions is a
major function and challenge of human CAD systeR&K et al., 2004), yet Chaffin (2005)
offered three major reasons underlying the valueuofian motion simulation and simulation
models/methods. First, such simulations can reyesgible motion strategies and
biomechanics that are used to control motions. os#&csuch simulations can predict motions
between different groups of people and differesk$a Third, simulations can predict motions
under novel situations. Therefore, human motiomugtion is a major area of interest in the
application of biomechanics and ergonomics.

Numerous successful applications of human motionukition have already
demonstrated their ability to improve occupatiogféitiency, effectiveness, and safety (Chaffin,
2001, 2005). Specifically, lifting simulation mag very helpful to understand and prevent
occupational low-back pain (LBP) incidents. LBRI® of the most common and costly
occupational injuries, and about 5% of Americanl@dexperience an episode of LBP every year
(Frymoyer and Cats-Baril, 1987). LBP is frequemtbgociated with lifting activities that
impose high loads on the lumbosacral and the lunmbarvertebral joints. Body posture is an
important factor affecting loads on these jointarylifting (Chaffin, 1999). Use of lifting
motion simulation can help estimate dynamic humastyres, thus avoiding in the need for
collecting actual postural data in the procesaisk$ evaluation or design.

Balance control modeling is also an area of intdiiramy dissertation. Falls are a
major cause of occupational injuries. In 2003vas reported that falls accounted for 272,988

nonfatal occupational injuries and 691 fatalitibgpartment of Labor, 2005). In 1999 alone,



fall-related injuries resulted in $3.7 billion itrelct costs (Department of Labor, 2005).
Fall-related injuries are even more prevalent arbas for older people. About a third of
Americans over 65 experience fall-related injuaesually and 32% of Americans over 85 die
from traumatic falls (Shin et al., 2005).

From biomechanical and psychophysiological perspesta substantial number of fall
injuries are thought to result from loss-of-balafidsiao and Simeonov, 2001). Thus, better
understanding balance control may aid in preveniimgecessary fall-related incidents. In
essence, maintenance of upright stance is a coroplexol problem. More specifically, the
upright posture, by itself, is unstable in thedief gravity. Without internal control, any
minute amplitude disturbances can comprise itslgialue to the existence of gravity. In
addition, stability of the human body requires tthat projection of its center of mass (COM) lies
within the area of the base of support (BoS) (Ldungét al., 2003). However, the area of the
BoS is only on the order of one square foot. Teélatively small area requires fine tuning of
the interaction between movements of different bjodhyts in order to maintain upright balance
(Latash, 1993). This fact greatly challenges mutanstanding of any practical control systems.

Theoretically, the task of maintaining upright rada is performed by the human postural
control system. However, based on existing knogéed is hard to completely understand
how the human postural control system works. Badarontrol models are a powerful tool to
investigate potential mechanisms indirectly. Almeabatical model usually has the advantage
of providing an intuitive understanding of how #&tire system functions and how individual

components influence the overall system’s resp@isterka, 1995). In addition, balance



control models may predict human physiological tieas used in maintaining balance.

Aging can decrease strength (Vandervoort, 2002xla@dpeed of a response to loss of
balance (Thenlen et al., 1996), both of which reisuhn increased fall risk (Mackey and
Robinovitch, 2006). At the same time, some stubdag suggested that localized muscle
fatigue (LMF) at some joints (e.g. the ankle, lapd shoulder) increased postural sway (Gribble
and Hertel, 2004; Yaggie and McGregor, 2002). dases in postural sway are an indicator of
greater postural instability (Cavanaugh et al.,5300 Thus, LMF may lead to increased fall
risks as well (Pline et al., 2006). In additioarrying external loads is commonly involved in
everyday actions and occupational activities, arath $oads appear to adversely affect postural
balance (Ledin et al., 1993; Kincl and Odkvist, 200 Identifying changes in the control of
upright stance with aging, LMF or external loads baen considered an important initial step in
developing interventions to reduce fall risks (Me@dghan et al., 1996). A balance control
model can be used to predict these changes, aadrtay be a useful tool for the development of

intervention strategies for the improvement of bata

1.2 Research objective

This dissertation research primarily focused on éangas. The first area is on human
motion simulation. The second, and more extenssven balance control modeling. Overall,
the objectives of the research were as follows:

® To develop a new human motion simulation model taataccurately simulate and

predict human lifting motions.



® To develop a new balance control model that canrately simulate and predict
spontaneous sway behaviors.

® To investigate, and in some cases predict, howreifit individual and task factors (e.g.
aging, localized muscle fatigue, and external |paffect balance control by using the

proposed balance control model.



Chapter 2 Literature Review

2.1 Human Motion Simulation

Due to the redundancy of the human musculoskedgsdém, when simulating human
motions, ill-posed problems have to be faced. Tmeans that solutions to some problems during
simulation are not unique (Kawato, 1996; Farawagl.etl999). During a simple arm reaching
motion, for example, there are an infinite numidgrassible trajectories connecting the initial and
target positions. Several approaches have be@oged to solve the ill-posed human motion

simulation problems. These approaches will beesggd in more detail in the following sections.
2.1.1 Inverse Kinematics

Inverse kinematics (IK) is the process of determgnivhat angles are required among the
joints of a linked structure, given the final pasit of the end-effector. IK deals with the study o
the geometry of motion, without considering thecés and moments (i.e. the kinetics) that cause
the motion. Unlike forward kinematics, inversedamatics usually has many or infinitely many
solutions.

Inverse kinematics has already been widely usedhlatics (Craig, 1989). For example,
it can lead a multi-link robotic arm to grab anextij The human body can also be simplified into
a linked structure, so human motion simulation siagply considered as an inverse kinematics
problem in some cases (Beck and Chaffin, 1992;i&&ret al., 1994; Jung et al., 1995; Dysart and

Woldstad, 1996).



Since humans may have “preferences” for certaitupes, and inverse kinematics
algorithms, by themselves, have no ability to sSlyaghat the preferred postures are (Perez, 2005),
inverse kinematics is usually facilitated by sortieeo tools to select the preferred posture from a
feasible solution set (Guez and Ahmad, 1990). r@igttion is one such tool, and the one most
commonly used in recent investigations. Anothgryar tool is statistical regressions, which are

usually derived from a large set of real motioradaerriest et al, 1994).

2.1.2 Optimization-based Motion Simulation

When using optimization-based approaches, researassume that the neural controller
plans human motion based on certain performantarier(Hicheur et al., 2003; Ohta et al., 2004).
These criteria are used to define objective fumsti@nd optimization procedures are performed to
find the optimal motion trajectory by minimizing nraximizing these objective functions.
Exactly how the neural controller works is stillkimown in most respects, so it is impossible to
specify the exact performance criteria the neuratroller adopts. Therefore, different criteria
have been suggested to define different cost fonstior different types of motion.

Specifically, a minimum jerk criterion for arm rdaeg motion was proposed some time
ago (Flash and Hogan, 1985). This criterion rexguihat the trajectory of the arm motion
minimizes the time integral of the square of jedt€ of change in acceleration). The predicted
trajectory for point-to-point reaching was a sthditine and characterized by a symmetrical
bell-shaped speed profile. These results qualéitiagreed with obtained experimental data.

However, the minimum jerk model can only producegle unique trajectory without regard to



diverse external working conditions. At the sameet this model is only a kinematics model.
It cannot reflect the dynamic characteristics ahlan motion since the kinetics causing the
motion are not considered.

Uno et al. (1989) first presented a minimum torgoange model based on the idea that
motion optimization should be related to motionayics. The performance measure was the
time integration of the sum of the squared torcuange rate. This model gave a curved path
and an asymmetrical speed profile which more cloagteed with the obtained experimental
data. However, using the minimum torque changeahisdnore difficult than using the
minimum jerk model because a dynamical human boaolgahhhas to be developed first.

Both the minimum jerk model and minimum torque af@amodel focused on trajectory
formation without adding approach angle and spserbastraints. Breteler et al. (2001)
adjusted these two models so that the final path@fenerated trajectories had a specific
direction and speed. After comparing the simufatigsults from the minimum jerk and
minimum torque change models, the trajectory fortmgdhinimum torque change model was
found to be more similar with the observed trajectban that formed by the minimum jerk
model.

In general, motion optimization can be reasonabhs@ered as a dynamic optimization
problem. Due to the complexity of available dynamptimization algorithms, some studies
have disregarded the complex musculoskeletal dysgrand simplified a dynamic motion as a
set of sequential static postures. For exampleg &tal. (1995) developed an analytical

inverse kinematics algorithm to predict arm reaghirotion. In this study, the upper limb was



modeled as a four-link system with a total of eidégjrees of freedom. To solve such a
redundant manipulator problem, the solved motiothoes which is a static optimization
algorithm, was selected for local optimization. infeange availability was employed to define
the performance function, the minimum of which, gled with the solved motion method, was
used to guarantee kinematic optimality and to sateuhuman reach. The results showed that
there were no significant differences in both j@ngles and distances between the real postures
and those from the model @t 0.1).

Another example was given by Dysart and Woldst&941 1996) who used inverse
kinematics to specify all mathematically feasibtestures of humans performing sagittal lifting
tasks, and then adopted different performanceriaite select the static optimal postures. The
performance criteria used included minimum ovegtitirt, minimum local effort or fatigue, and
maximum body stability. Their simulation resultslicated that all of the prediction errors
were significantly greater than zero, but use afimum total torque led to the best predictions.
Woldstad (1997) then modified the model, includiwg new performance criteria (the sum of
cubed muscle intensities and the sum of squaradtmiques), additional links representing head
and neck, and improvements to the optimizationgulace etc., and found the new models could
produce better results.

Models described by Jung et al. and Dysart et etevable to account for human motions
to some extent. However, an important distinctias been found between a static posture and
an instantaneous posture sampled from a continmowyement (Zhang and Chaffin, 1997),

which challenges these earlier approaches. Tafg@etoptimal dynamic posture and avoid



overly complex dynamic optimization algorithms, sostudies (Zhang et al., 1998, 2000; Wang
et al., 1998, 1999; Hsiang and McGorry, 1997; ltiale 1999; Mi, 2004) have pre-determined
joint trajectories or pre-defined a set of equatiogpresenting the joint trajectories when
simulating human motions. Some details on thastiet are given below.

Zhang et al. (1998, 2000) and Chaffin et al. (198®posed an optimization-based
differential inverse kinematics (ODIK) approachnodel in-vehicle seated reaching movements.
A weighted pseudoinverse was used in the joint Emgeelocity domain to resolve kinematic
redundancy. Weights were assigned to differemit jmngles according to their relative
movement contributions to an instantaneous postiia@hge. These weighting parameters were
estimated through a numerical optimization procedwased on simulated annealing, such that
the predicted movement trajectory best matchealiservation. Using this model, Zhang and
Chaffin (2000) predicted in-vehicle seated reacimmyements, and the overall mean and
median time-averaged errors in joint angle weré &rl 4.7°, respectively.

Wang et al. (1998, 1999) presented a geometricsevdnematics algorithm to simulate
arm reaching motion. This algorithm was basedhemtinimization of the norm of joint
angular velocities, and hand trajectory had todgezsied in advance. The elbow position
predicted by the proposed algorithm was compardid tive actual elbow position to validate the
model. The distance between them was within 42anraverage. Also, the results indicated
that the predicted motion was dependent on iratiad posture.

Hsiang and McGorry (1997) simulated dynamic liftmgtion using three different

objective functions. Five eighth-order polynomiaisre assumed to represent the trajectories
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of selected joint angles (i.e. elbow, shoulder, kipee, and ankle). Coefficients of these
polynomials were specified by minimizing or maximg the objective functions which
corresponded to different lifting patterns. Paptnits were instructed to lift a load using the
specified optimal lifting pattern.  During liftingompressive forces on the L5/S1 were
measured and compared, and the ‘mobilization’ paties found to be the best considering the
peak compressive force on L5/S1.

Lin et al. (1999) developed a dynamic planar mosionulation model (DPMS) and used
it to simulate various lifting tasks. DPMS inclgdiree sub-models which are the
biomechanical model, optimization model, and triamjgcmodel. In the optimization model, an
objective function was defined to minimize the timeegral of the sum of square of relative joint
strength. The form of the trajectory was approxadayy a polynomial function of time.

During simulations, possible joint angle trajeatsrivere generated first, and then the optimal
trajectory was specified by solving the biomechahmodel and the optimization model. Their
simulation results were compared with experimediédh. The mean squared error (MSE)
between the predicted and actual trajectoriesiftardnt joints angles was in the range of
0.0046 radto 0.095 radl

A 15-degree-of-freedom (DOF) model of the humanybwels developed to predict
human motions (Abdel-Malek, 2006). This modeltfdstermined a desired Cartesian path for
the end-effector using the minimum jerk criteriéitaSh and Hogan, 1985) over the duration of
motion. Then, B-spline curves were formulatedgjoresent joint trajectories. Such curves

were used because of their several robust propestieh as differentiability, local control and
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convex hull. Coefficients of these B-spline curpesvided the decision variables for an
optimization procedure whose objectives were defimg discomfort and smoothness, and
whose constraints were defined by joint angle rarmfenotion and distances to the desired path
at selected points. However, the predicted matias slightly unnatural. The authors
suggested that a higher DOF model might improvedkalts.

Even though the studies mentioned above (Zhank, 419898, 2000; Wang et al., 1998,
1999; Hsiang and McGorry, 1997; Lin et al., 1999; RB004) were able to specify dynamic
motions, they are restricted since joint traje@suisually cannot be known or formulated in
advance. To address this problem, an approactll lnasttmespace optimization (Chang et al.,
2001) was proposed. In this approach, the durati@nlifting motion is divided into equal
discrete time intervals. Using the finite diffecenrmethod, the objective function and
constraints of an optimization procedure are repres] as functions of joint angles at the
discrete points. The joint angles at the disgoeiats are independent variables and are solved
by using sequential quadratic programming. Iltasmecessary to know the joint trajectories in
advance when using this approach. However, angilamatics may not be a continuously
differentiable function, which will result in invidl application of the finite difference method.

Martin et al. (2006) reported an original optimieatapproach for the prediction of
periodic movement such as postural sway. In tbpgsed optimization procedure, a minimum
torque change criterion was adopted. Angular disgghent was described by a non-harmonic
Fourier series and the coefficients of the Fowsesies were optimized. Equilibrium constraints

were also considered in the model. This optimiathodel was able to predict in-phase
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coordination between the hip and ankle joint fav lmotion frequencies and anti-phase
coordination for higher motion frequencies. Thessilts were consistent with the observed
experimental results.

All the applications of optimization-based appraacimentioned above only apply one
criterion for an entire motion. Existing evidenbewever, indicates that the neural controller
probably plans the motion by using more than onteran, and different criterion may be
adopted at different stages of a motion (Chang.€2@01; Ohta et al., 2004; Hermens and
Gielen, 2004). Combining potential energy andalisiort performance criteria, Marler (2004)
used multi-objective optimization (MOO) to predarin reaching motion, with results that were
more accurate than those obtained from a singlercmn. Gundogdu (2000) evaluated
objective functions employing minimum jerk, workpment, and a combination of these three
for human motions, using a two-dimensional sadgytsymmetric five-link human body model.
The linear combination objective function provedtothe most effective. Ohta et al. (2004)
simulated a constrained arm movement in a crardtioot task. The formation of the trajectory
was explained at both the joint level and the maubslel. At the joint level, the minimum
torque change criterion, the minimum hand forcengeecriterion, and the combined criterion
were considered. At the muscle level, the mininmuoscle force change criterion, the
minimum hand force change criterion, and the coeatbicriterion were considered. At both
levels, after a comparison between the simulatrmhexperimental data, the combined criterion
proved able to predict the motion more accuratelyence, the authors argued that the neural

controller might adopt a combination of differemptional criteria when planning motions.
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2.1.3 Data-based Motion Simulation

Chaffin (2005) argued that human motion models kEhba based on real motion data to
assure validity for complex task simulations. Diagged motion simulation is another
contemporary approach that can solve the ill-pdagdan motion problem. In the data-based
approach, no assumptions are necessarily madeesiplect to the minimization or maximization
of some performance functions the neural controtiay adopt, and computational requirements
are relatively low. Fundamental to this approacthe creation of a database of a certain types
of motion within a certain range. Based on thidase, a certain model is constructed, which
takes the desired initial and target position alait the anthropometry and other features of the
human body as inputs and the predicted motionesulput. Faraway (2003) summarized that
the data-based approach relies on three main caenfgra special posture representation, a
diverse motion database, and a prediction method.

A functional regression approach based on captidechotion data was developed to
predict joint angles during an arm reaching motieawraway, 1997). This approach uses a
guadratic regression form to fit the available dat@he coefficient of determination was applied
as a measure of the fit, and the value obtained3@#%6 for the proposed quadratic model.

One of the limitations of this approach is thatetermines the motion postures only in terms of
joint angles. When using forward kinematics toc#yethe final posture, the end-effector
position may not coincide with the target. In artiesolve this problem, Faraway et al. (1999)

proposed a posture rectification approach, in wkhehpredicted joint angles have a minimum
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deviation from the initial joint angles obtainedrn the quadratic regression model, and can
satisfy the constraints that the end-effectorstighe target. However, rectification cannot
always improve predictions. Results showed thatigiht worsen joint center prediction at the
sternum and shoulder while improving it at the alland hand. For this reason, Faraway
(2003) suggested a new formulation for motion prieoin which uses stretch pivot coordinates
to represent postures. This representation alforwsapid and simple computation of postures.
Faraway (2003) designed his model based on langdases of various types of automobile and
materials handling motions. He also demonstratedcontrasting prediction methods. One
is parametric regression, which is used to prddietstretch pivot coordinates in the posture
representation. The other is non-parametric regres A small number of motions which
were similar with the predicted motion were seldcad averaged in the stretch pivot
coordinates to produce the predicted motion. Nwktion results were discussed by the
author.

A statistical design of experiments approach wasmted by Mavrikios et al. (2006). In
this approach, anthropometric parameters were deresi as impact factors that influenced
human motions. These impact factors were detehigeperforming analysis of variance
(ANOVA) of the experimental motion data. The authagued that this approach needed a
reduced set of experimental motion data, but cpadict human motions as accurately as the
functional regression approach (Faraway, 1997)rd@iired a larger number of experiments to
be executed. Their results showed a differencedet the actual and predicted positions of

the end-effector in the last motion frame of ldsmnt100mm.
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Rosenbaum et al. (1995) proposed a model whichfgggeoeaching posture by making
use of stored postures. Each candidate storedneostis assigned a weight according to two
criteria: accuracy (how closely the candidate p@stachieves the task) and efficiency (how
costly it is to move from the starting posturetie posture under consideration). The predicted
posture was found by treating all of the storeddadate postures as vectors and taking their
weighted sum. Their simulation results were cogrgd to be positive since there was no
significant difference between the observed andikitad data for most postures (Vaughan et al.,
1998). However, this model cannot be used in cerasks (e.g. avoiding obstacles).

Rosenbaum et al. (2001) also described a modehichwevery motion was planned
using a constraint hierarchy -- a set of requirésmendered by priority. This model was used
for a grasping simulation with several constra{etg. avoiding collisions). The predicted
posture must meet the requirement of the highest-tmnstraint and then satisfy the second
highest level constraint. Also in this model, @tstage process was established. The first
stage is selecting the most promising stored pestinom the database, while the second
involves generating a potentially better postursdxve as the goal posture. Evaluation of the
stored and generated postures should be doneefiitence to a constraint hierarchy that defines
the task to be performed. Mean squared errors (Nd8&veen simulated and real data were
compared. Since the MSE first increased and tleeredsed as a function of time, this model
was concluded to be able to provide a better ptiediat the end of a movement than during the
course of a movement.

Memory-based motion simulation (MBMS) is a novehslation approach for motion
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prediction (Park 2003; Park et al., 2004; ParKk.e2805), and which is based on generalized
motor program (GMP) theory. Symbolic motion struetrepresentation (SMSR) is used to
analyze existing motions. With SMSR, multi-joinbtion can be represented using a set of
symbol strings, in which each symbol stands foramatonic motion. For example, ‘U’ stands
for monotonically increasing; ‘D’ stands for monoically decreasing; ‘S’ stands for stationary.
When a novel motion scenario is submitted to theMMBsystem, its motion database is searched
to find relevant existing motions. The selectediors, referred to as “root motions”, need to
be modified by a motion modification algorithm (M9@Much that they can satisfy the novel
motion scenario, while retaining the root motioogerall angular movement pattern and
inter-joint coordination. Park et al. (2004) useloM algorithm to generate side reaching
motion and forward, downward reaching motion to nawget locations. No statistically
significant difference was found between the predi@and observed motions, and the largest
mean time-averaged distance difference was 1.3¢heatrist joint. According to the results
of these examples, the MoM algorithm was concluaedble to produce realistic simulated
motion for diverse new scenarios.

Park et al. (2006) also described a memory-basstligoplanning (MBPP) model which
can predict reach postures that involve avoidingtroictions. In this model, the task space is
partitioned into small regions called cells. Atftative postures for reaching the cell that satisfy
joint range of motion and static balance constsaame stored. When a target and an
obstruction configuration are given, the model asleollision-free postures from the stored

postures, and modifies them so that the hand targgtisition constraint can be met.
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Simulation results showed that the MBPP model visdes to rapidly and robustly plan
collision-free reach postures.

Motion editing is commonly applied in computer dgnays to simulate human motions.

In general, a pre-existing motion is edited to mmet constraints or impose new qualities while
keeping as much of the original quality as possibM/itkin and Popovic (1995), and Gleicher
(2001) used a motion-displacement mapping techrtigueake large scale changes to an original
motion while preserving fine details. Howeverstteéchnique can only check each frame
without considering the whole motion. This maydéa the loss of some specific aspects of the
original motion. In contrast, spacetime constramethods (Gleicher, 1997; Witkin and Kass,
1988) are able to determine constraints over ttieeemotion and compute the optimal motion
that meets these constraints. In addition, Glei¢t@97) proposed an approach that can solve
numerical constraint problems sufficiently fasttsat interactive motion editing for articulated

3D characters is achieved.

Artificial neural networks (ANNS) are computatiorodels commonly used for prediction
problems. When training data is available, ANNgehthe ability to solve incomplete or little
understood problems (Hassoun, 1995). Thus, ANBsgotential tool for use in motion
simulation, and existing methods can be classd®data-based approaches due to their
dependence on training data. Jung and Park (12@4) a feedforward backpropagation neural
network to predict human reaching motions. Moti@jectories of the upper limb joints were
collected and divided into two data sets — a trgjrdata set and test data set. Comparisons

were made between model-based predictions andl actiimns, and no significant differences
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were found between the two data sets for all tmsicered joints.

Ulusoy et al. (2001) presented a neural networkesyso control a two-link dynamic
arm model. Two neural networks were adopted m $lgstem. One was used to predict static
joint torques, while the other was used to deteentive parameters needed for specification of
the torque-time profile for each joint. The twakliarm was then driven by the output of these
two neural networks to move from any initial pasitito any final position in the sagittal plane.

A dynamic neural network for the planning of higgimovements was derived by Dessing
et al. (2004). This model implemented continuaeiired velocity control by extending the
Vector Integration To Endpoint model while providiaexplicit control of effector velocity at
interception. The predicted movement trajectonese qualitatively consistent with the
kinematics of hitting movements as observed in Brpnts.

Perez (2005) applied recurrent neural networksedipt whole body lifting kinematics.
These networks were trained using an existing fsebv-cyclic lifting motions, and took lift
characteristics as the input and a set of jointengs the output. Both static postures and
dynamic motion based on target positions were ptedi Root mean square errors were
generally smaller than 20 degrees, a magnitudehalias similar to the levels of intra-variance
in the dataset.

Inverse kinematics, combined with collected motiata, has also been used to predict
human motions. Using inverse kinematics, Beck@hdffin (1992) developed a so-called
‘behavior based model’ to simulate lifting tasksda/erriest et al. (1994) proposed a linear

statistical model to predict arm reaching motioBoth of these approaches are based on
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statistical regression equations derived from gelamumber of real motion data. Compared

with the experimental results, these approachegitict motion quickly, but not accurately.

2.1.4 Limitations of the Existing Human Motion Simdation Models

Optimization-based approaches are able to suggasianisms by which the neural
controller plans motions, based on the fundamexgsiimption that the neural controller
determines motions according to the specified perémce criterion. Yet they have an essential
drawback, in that the assumption that the neunatrobler determines motions according to some
performance criterion has not been validated. hiff assumption is not valid, the
optimization-based approach is not valid eitherverkif this assumption is valid, different
people may adopt different performance criteriplém the same type of motion, so it is
infeasible to specify the exact performance catand to use a single objective function for
everybody. Also, current optimization-based apphhea can only provide a single path for a
specific motion task, whereas motion planning fkehs a substantial stochastic component.
Human subjects may choose their own motion plamdamaly. Further, all but the simplest
optimization algorithms are computationally intemsi If real-time analysis is critical, these
approaches are not appropriate.

Using data-based approaches, a predicted motuberiged from real motion data and no
assumptions are made with respect to functions¢iieal controller attempts to minimize or
maximize. Hence, these approaches appear motke valhere are, however, limitations in

data-based approaches. First, they depend heavilye availability of real motion data.
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Predictive results will decline in quality as theesified inputs move further away from available
data. Faraway (2003) provides an example: feaahing motion, when the input target was
far to the left of the subject, and all the targetthe database were on the right side, good
simulation results could not be expected. Secaltidpugh anthropometric data and some other
features are considered as part of the input, iddal differences cannot be sufficiently
accounted for because it is impossible for theectdld database to include all kinds of motion
strategies. In addition, data-based approachesderonly limited information on underlying
neural control processes.

Besides the limitations mentioned above, many humation models have one common
limitation. Specifically, most models predict naotitrajectories based on motion durations that
have to be supplied externally. While durationy ina externally specified or predictable in

some cases (e.g. assembly line tasks), this idyleat true for all tasks of interest.

2.2 Balance Control Modeling

Balance control during quiet upright standing igtipalarly well suited for modeling
because, in most cases, the human body can beysamghlsufficiently modeled as an inverted
pendulum. Such a system is then easily represemétitematically. At the same time,
balance control modeling is quite difficult, sinte human body and underlying control system
is so complex that the existing knowledge cannatetely explain how it works. Many
researchers have worked toward explaining the cbmtechanism for quiet upright stance, as a

simpler case than more general postural control darerse theories have been proposed.
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2.2.1 Ankle Strategy and Hip Strategy

Recent studies have shown that human beings adabelect distinct strategies to
maintain balance according to the magnitude ofidisinces (Fujisawa et al., 2005; Gatev et al.,
1999; Kuo 1995; Johansson et al., 1988). For stistiirbances, the amplitude of sway angles
will be small and the neural controller will ad@st ankle strategy, in which only ankle torque is
considered to contribute to reducing sway anglér large disturbances that cause large
amplitude of sway angles, the neural controllet agdlopt a hip strategy, in which hip torque has
to be generated in coordination with ankle torquenaiintain upright stance. Other studies
(McClenaghan, et al., 1996; Winter et al., 1996)ehalso indicated that in side-by-side stance,
anterior-posterior (A/P) balance is totally undekla control, whereas medial-lateral (M/L)
balance is under hip control. Usually, when thid@strategy is applicable, a single-link
inverted pendulum is sufficient to represent theman body (Maurer and Peterka, 2005); when
the hip strategy has to be applied, the human Bbdyld be considered as a multi-link inverted

pendulum (Fujisawa et al., 2005; Jo and Massa@0&4).

2.2.2 Passive Control and Active Control

Passive control torques are considered to stem ifnbinsic tissue mechanical properties
(i.e. stiffness or viscosity), and to act withome delay. In contrast, active control torques are
generated by active muscle contraction regulatethé@yeural controller. A time delay due to
sensory transduction, transmission, processingnamtle activation is necessarily involved in

active control torque.
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Winter et al. (1998, 2001, and 2003) developedffasss control model for quiet
standing, in which a stiffness control strategy wdepted. The human body was assumed to
behave like an inverted pendulum, and ankle jairgue was assumed to be proportional to the
angle of the pendulum from vertical. This modeldicted that the center-of-pressure (COP)
oscillates essentially in phase with the centemaks (COM) during body sway. Also, Winter
et al.(2001) directly estimated muscle stiffness fromlanp&int torque and sway angle. The
average coefficient of correlation between the wes 0.92. Further, based on the stiffness
control model, Gage et al. (2004) conducted a s@fiexperiments and found that the mean
r-value between COP-COM and COM acceleration it lo¢ A/P and M/L directions were
-0.95+0.02 and -0.84+0.05, respectively. They algmed that these results were consistent
with the simulation results from the proposed s&#fs control model.

Morasso et al1999, 2002), Loram and Lakie (2002), and Lakiale(2003) questioned
the validity of the stiffness control model. Thall/argued that passive torque alone was not
sufficient to stabilize the body as an inverteddhdam, and that additional active torque
regulated by the neural controller was necessa®pecifically, Loram and Lakie (2002)
indicated that besides the torque from intrinsichamical ankle stiffness, repetition of a
ballistic-like biphasic pattern of torque generabgdhe neural controller played an important
role in stabilization. Lakie et al. (2003) condeatiseveral novel experiments, the results of
which showed that the inverted pendulum body cteldtabilized even when intrinsic stiffness
was low. Further, they analyzed sway magnitudefandd that intrinsic stiffness contributed

little to maintaining balance. Morasso and collesgy(1999, 2002) also suggested that the
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in-phase relationship between COP and COM trajestavas determined by physics, not by the
control pattern.

Casadio et al. (2005) used a motorized footplatenteml on a force platform to measure
intrinsic ankle stiffness directly, and then congezhthe measured intrinsic ankle stiffness with
the critical stiffness. If the measured stiffnesbelow the critical stiffness, an active
stabilization mechanism is required to compendaaradequate stiffness; otherwise, an active
stabilization mechanism is unnecessary. Theidteshowed that intrinsic ankle stiffness
during quiet standing was only 64+8% of the crit&t#fness, and the authors concluded that
active neural control is necessary.

Peterka (2002) also found that active control terglays a dominant role in balance
control. In his work, experiments were designeddltect stimulus-response data for human
bipedal upright stance. A simple feedback controtel was used to specify the transfer
function structure. In this model, it was assuried the human body behaved like an inverted
pendulum and the neural controller was a PID (pribqaeal, derivative, and integral) controller.
Postural stiffness, damping and feedback time da¢diyed in the model were estimated in such
a way that the transfer function could best matehcbllected stimulus-response data in the
frequency domain. The passive stiffness and dagnpénameters obtained from the simulation

were only 1/10 the value of active stiffness anchpiamg parameters.

2.2.3 Feedforward and Feedback Control

Feedforward control is often considered to be ime@dlin postural control and means that
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the neural controller is able to predict an extemmaut or upcoming behaviors, and generate a
corresponding control torque to stabilize the bfeizpatrick et al., 1996; Gatev et al., 1999).
Feedback control is also considered to play a rolor example, in order to maintain an upright
posture, movement cues about the deviation of da rom an upright reference position,
which are obtained from the sensory systems, arédek to the neural controller which
generates corrective controls to resist the denatf body position away from upright
(Johansson et al., 1988; Peterka, 1995, 2002;dsdtidl., 1997).

Specifically related to feedforward control, Gaadal. (1999) reported that lateral
gastrocnemius muscle activity measured during caiéetce was positively correlated with A/P
motion of the COM. They also found that lateradtgacnemius muscle contractions, which
provided the control torque, preceded COM positbbange by about 200 ms. Based on these
findings, the neural controller was considereddable to generate control torque in anticipation
of an upcoming position of the COM. Thus, it waggested that a feedforward control
mechanism is responsible for stabilizing the huimady during quiet standing.

Fitzpatrick et al. (1996) recognized the contribntof the feedback control mechanisms
to maintaining balance, but also stated that feeklbantrol alone was not able to stabilize the
human body. In their study, a reflex response dasea feedforward process was found to be
both consistent with experimental results and resrgg0 counteract a postural disturbance.
Fitzpatrick et al.’s results were obtained basetherassumption that the weights of sensory
information in different test conditions stayed stamt. However, this assumption was

challenged by several current investigations wiitbwed the contributions of different sensory
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systems to postural steadiness can be re-weighted the goal of a movement task or the
environmental context changes (e.g. CenciariniRetérka, 2006; Horak, 2006).

Several lines of evidence support that such re-igig occurs. For example, the
contribution of proprioceptive input from the ardkls increased with eye closure (Ishida et al.,
1997), and the use of vestibular cues was shownttease with an increase of visual and
proprioceptive perturbations (Peterka, 2002). HartBrumagne et al. (2004) reported that
during upright standing the focus of propriocepseasitivity would be changed from the trunk
to the ankle with aging or the occurrence of lowkbpain. Peterka and Loughlin (2004)
developed a control model that took a weighted doatlon of sensory-orientation cues as the
input of a PID neural controller, and used thignieestigate two possible explanations — the
sensory-reweighting hypothesis and a load-compemshypothesis. Their simulation results
showed that predictions from the sensory reweightiypothesis were consistent with
experimental results whether sway-referencing waalior not. Cornilleau-Peres et al. (2005)
proposed a measure of the visual contribution &iypal steadiness, the stabilization ratio (SR),
which showed significant differences between stagaith eyes open and eyes closed. The
studies mentioned above all challenged Fitzpawtd.'s conclusion.

Peterka (2002) further argued that active torqueegded by feedback control
mechanisms was the dominant contributor to quatce control. He developed a closed-loop
control model of upright stance, composed of ariited pendulum body and a PID neural
controller (Peterka, 2000). This model was ablgenerate realistic stabilogram diffusion

functions which summarize the mean square COPatispient as a function of the time interval
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between COP comparisons. Peterka (1995) alsoamatla feedback control model which
assumed that somatosensory and visual body oli@mitzies with different time delays are
processed independently. For each sensory feedibagkhuman postural control properties
are modeled by PID controllers. Their simulatiesults could reflect the gain and phase of
body sway by adjusting the PID parameters in botip$. Thus, it was concluded that feedback
control mechanisms were able to explain balancéalon

Masani et al. (2006) simulated human quiet stasgggan inverted pendulum model
regulated by a feedback PD (proportional and davieacontroller. Different pairs of
proportional and derivative gains were examinetheir simulations. Simulated COM position,
velocity and ankle joint torque were compared hitbse from the experiments using
cross-correlation functions. Their feedback PDtimler could stabilize bipedal quiet standing
even when the closed-loop time delay was as lasdé8ams, and generate the preceding motor
command that was observed experimentally. Theiclosion was that a feedforward control
mechanism is not necessary. As a whole, the ev&mviewed in this section suggests that the

postural control system should be a feedback réabizer a feedforward control system.

2.2.4 Neural Control Strategy

Numerous experimental and simulation results haweeva that the neural controller must
play a very important role in balance control, lepgrating active joint control torque according
to feedback information about body configuratiotdowever, the true control strategy adopted

by the neural controller is still an object of dission and controversy.
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PD or PID strategies are among the most commonalitategies used in balance
control modeling, since the proportional, derivatiand integral actions are fundamental modes
of control systems (Johansson et al., 1988). Jduamet al(1988) proposed that the
stabilizing ankle torque was a linear combinatibdieplacement, velocity, and time integration
of joint angles. Based on this, a third-order $fanfunction among ankle torque, disturbance
torque, and vibration were specified. Balance mntas quantified with three parameters —
swiftness, stiffness, and damping. These parasatere computed from measurements
recorded with a force platform. Results from sitggipants characterized a well-damped
regulation system.

Igbal et al. (2004) presented an inverted pendiiuman body model with a stabilizing
PID controller. This model included force feedb&dm Golgi tendon organs and two levels
of position and velocity feedback from multiple rolesspindle organs. There were time delays
in all the feedback loops, and the PID controllengrated the muscle motor command. Pade
approximation techniques were used to derive tinester function of the entire closed-loop
dynamics. Stability of the system was analyzedgiiie Hermiter-Biehler theorem to specify
the stabilizing set of controller gains. Their siation results showed that the proposed model
could guarantee stabilization of the inverted pdunaithuman body, but there was no discussion
about the validity of the model.

Maurer and Peterka (2005) used a simple model bas@dPID neural controller to
interpret spontaneous sway measures. In this mti@ehuman body was represented by a

single-link inverted pendulum. Input to the bodgsathe ankle joint torque, composed of a
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random disturbance torque and the control torquergeed by the neural controller. Outputs of
the model were body sway angle and COP displacem@iite neural controller received body
orientation information with a time delay througfeadback loop. An optimization procedure
was applied to estimate the parameters in the nfodalgiven data set. The simulation results
showed that all sway measures derived from sinarlativere well within a one standard
deviation range of the mean experimental data,canttl be classified into three groups
according to their correlations.

The integral component in PID controller is likelggligible, and does not substantially
affect the stability of the postural control systenThus, PID controllers were replaced by PD
controllers in some studies (e.g. Masani et aD52Caver et al., 2005, 2006). Specifically,
Caver et al. (2005, 2006) modeled the human boa@ylimearized inverted pendulum controlled
by a PD controller, and adopted a state estimatestimate the angular position of the body
away from upright stance. Further, this model wsed to identify how sensory weighting
alters with changes of sensory information by oping some observable sway measures
(Caver et al., 2006).

Besides PD and PID control strategies, some othréra strategies have also been
proposed. Jo and Massaquoi (2004) suggested aeptintegrator proportional integral
derivative (RIPID) control strategy for upright bate modeling. In their model, human body
dynamics in the sagittal plane were described layyaing a three-segment inverted pendulum.
The model cerebellar system included a PID pangieith a mechanism to provide descending

integration. The cerebellar system had two set®pfrol gains for PID. When imposed

29



platform disturbances were small, the first seteykebeller control gains were used to apply an
ankle strategy for balance. When the platformudiinces were more violent, the second set
of cerebeller control gains were used to applyeechiankle-hip strategy for balance. In
contrast, the cerebral system had only one setroégoint linear force feedback gains. The
conclusion of this study was that the proposed mioalged on a RIPID strategy could
successfully simulate balancing reactions to a weahge of external disturbances.

Kuo (1995) described an optimal control model foalsizing human balance control.
In this model, the neural controller was modeled ésear quadratic optimal controller. The
control weighted matrix in this controller was ugedneasure the cost of executing the ankle or
hip strategy, and the state weighted matrix wasehdy regulating certain physical quantities
relevant to posture so that the equations goverthi@geedback gain matrix were simplified.
Three relevant quantities were proposed. The stakfunction was represented by a
combination of these three physical quantities. e ¢imbination that produced behaviors most
similar to the experimental results was chosemadbasis to specify the state weighted matrix.
The parameters to specify the combination wereraheed by the control selection center
according to the size of disturbances.

van der Kooij et al(1999) indicated that body orientation informatfomm sensory
systems received by the neural controller hastaioeime delay, and the neural controller was
supposed to be able to estimate the exact bodytatien based on the delayed information.
Their proposed model included four parts: body dyiga, sensor dynamics, sensory integration

center, and action control center. Body dynamiesvdefined by a three-link inverted
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pendulum model; sensor dynamics were representéueltlyansfer functions of different
sensory systems; in the sensory integration cethiehest estimates of body orientations were
obtained by using a Kalman filter; finally, the iact control center selected the muscle actions
obtained from a regulator that can minimize a cermddjective function. The authors compared
the effects of sensory perturbations on total bewlgty obtained from the model predictions and
experimental results. The difference in percentagease of body sway compared with the
body sway when no sensory system was perturbedessshan 12% under all circumstances.

Most of these balance control models are basede@adsumption that body sway is
forced by some kind of background noise. Bottadral.g2005) challenged this assumption.
They built a noise-driven model with a PID neurahtzoller and an inverted pendulum body,
and found that the simulated average jerk of théGScillation in the sagittal plane was twice
that of corresponding experimental data. Therefikey argued that the noise-driven
assumption was not valid and could not reflect pilggical evidence. Furthermore, Battaro et
al. (2005) also proposed a sliding mode control @wodSince sway movements obtained from
this model were smoother than those obtained fl@mbise-driven model, they concluded that
the sliding mode control model was more consisietit experimental data.

The balance control models mentioned above weabkstted to simulate how human
beings maintain balance based on the assumptibthinaeural controller adopts a particular
control strategy such as PID control strategy,mogticontrol strategy etc. There are also some
other models in which the neural controller is ctetgly specified using available experimental

data.
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As an early example, Ishida et al. (1997) consiliéne human body as an inverted
pendulum with ankle moment as the controlling Malgaand the sway angle of the body as the
controlled variable. The neural controller took 8way angle as its input and generated a
stabilizing ankle moment. A prediction error mathwhich was based on the measured
discrete sway angle and the measured discrete artkigent, was used to identify the transfer
function of the neural controller. The order akttransfer function, which in this case was
fixed at two, was determined by the Akaike InforioatCriterion (AIC). Frequency responses
under different tasks were then used to analyzedhg&ibutions of different sensory systems to
balance. It was found that under sway-referenopg@at conditions, the vestibular system
might be dominant, whereas under fixed support itmmg, the proprioceptive system
contributed most. Fujisawa et al. (2005) appliedlar methods to model the human postural
control system, but they used a two-link invertedgulum to describe human body dynamics.
Therefore, four feedback paths in the neural cdietravere characterized by transfer functions
connecting the two inputs — ankle and hip jointlasgand the two outputs — ankle and hip joint
moments. Their results showed that somatosensedbfack paths might be activated from the
hip joint angle to the moments around the anklelapdoints when postural control became
more difficult.

It has also been reported that postural sway catebemposed into two fundamental
dynamic components, a slow nonoscillatory compornadta faster damped-oscillatory
component, which can be characterized by eigensaltithe transfer function (Kiemel et al.

2002, 2006). Kiemel et al. (2002) collected aesedf postural sway data, based on which the
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stochastic structure of postural sway was compartda PID control model. Eigenvalues of
the PID model were found to be consistent withdbkkected data. Further, Kiemel et al. (2006)
investigated the basis for the slow component byidimg subjects with sum-of-sine visual
motion. The whole human body system was modeldddascribed by the transfer function
from the simulated A/P visual motion and stochastaperties of sway to A/P COM
displacement. The Bayesian Information CriteriBiC() was used to estimate the best order of
the model, and the model parameters were specified) the maximum likelihood method so
that the model fit the collected experimental dat@he final results supported that the slow
component was related to errors in state estimasithrer than a moving reference, indicating
that the slow process was inside the feedback loop.

Yang et al. (1990) used a top-heavy inverted pamduhodel depicted in the sagittal
plane, which included the three linkages represiemtéthe two shanks, the two thighs and the
trunk), to model the standing human. Their simataprocedure was iterative. During each
iteration, for a specified disturbance, a joingioe combination within a certain range was
chosen. The disturbance and joint torque comlminatiere input into the mathematical
equations of the human standing model with a sitrrlaluration of 80ms.  After this interval,
if all three segments returned within five degretthe initial position, the joint torque
combination was considered as a successful solutiéifter simulating all possible
combinations of the joint torques, the solutioncgpa&as obtained. The authors regressed the
successful solutions in the solution space andddhat coefficients for each joint torque were

kept nearly constant even when considering th@fa¢hat could cause a change in the
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successful joint torques. Therefore, they condutiat given the model structure used in this
approach, there was a proportional relationshipvéen individual joint torques.

Alexandrov et al. (2001) used eigenmovements, waielthe movements along
eigenvectors of the motion equation, to interpcgtildorium maintenance in human forward
trunk bending. The human body was representedtbsea-joint model, and the movements
were decomposed into “ankle”, “hip”, and “knee” @mnovements based on the dominant
component in each eigenvector. This modeling agpravas able to decouple the complex
human body system into a simple linear combinabiotinree independent inverted pendulums.
Simulation results showed that the ankle eigenmeverstarted earlier than the hip
eigenmovement, and the ankle eigenmovement cotedlibe most to equilibrium maintenance,

whereas the hip eigenmovement contributed the thasbvement.

2.2.5 Limitations of the Existing Balance Control Mbdels

As discussed above, existing balance control mameide primarily classified into two
groups according to the way in which the neuratmaier is determined. The models in the
first group assume that the neural controller aslagparticular control strategy to maintain
balance. Thus, different control strategies weiad in the models. However, since it is
still unknown how the neural controller works,stimpossible for us to confirm whether the
neural controller does indeed adopt a certain ocbetrategy to maintain balance. Further,
there are also some limitations when applying $ecbntrol strategies. Currently, a PD or

PID control strategy is widely used to stabilizeigpt stance in balance control models. Both
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control strategies are simple and easily modeletitHey lack obvious physiological meaning.
So, it is difficult to analyze and assess potemtmaitrol mechanisms from a physiological
perspective if only using a PD or PID control sfggt  An optimal control strategy which can
easily explain balance control from a physiologigatspective was proposed by Kuo (1995),
however, no systematic approach that helps to aithe performance index in the optimal
controller was given, and the mathematical propemif the human body system could be
specified only when some complex knowledge (e.gsauloskeletal geometry) was available.
Bottaro et al. (2005) reported that sliding modetoa theory could effectively model body
sway during quiet standing, but the authors alsoitield that there were few theoretical and
experimental issues that can explain the natuteeo$witching mechanism used in this approach.
When using the RIPID control strategy (Jo and Maissa 2004), muscular responses must be
considered, and thus more yet-to-be validated ggsans must be made. For example, one
assumption is that the specified muscles are ms@dimuscles which have certain lines of action.
Unlike the models in the first group, the modelshie second group determine a neural
controller using experimental data. These modgtear more valid, as ho assumptions about
the controller have to be made. Yet, these maatelstill limited since they depend on the
availability of experimental data. Furthermore entusing these models, the neural controller
has to be modeled as a discrete system, and ssmietifzing likely yields errors when applied to
what is in reality a continuous system. In somsesathe upright stance even cannot be

stabilized (Ishida et al.997).
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Chapter 3 Simulating Lifting Motions using Fuzzy Logic Control

Abstract

Human motion simulation is an ill-posed problemn otder to predict unique lifting
motion trajectories, a motion simulation model laase fuzzy logic control is presented. The
human body was represented by a two-dimensionadldagment model, and the neural
controller was specified by fuzzy logic. Fuzzyasilwere defined with their antecedent part
describing the fuzzy variables of scaled positiarabr and velocity, and with their consequent
part describing scaled angular velocity. Theseswere generated according to certain trends
in the fuzzy variable trajectories observed frorntuatlifting motions.  An optimization
procedure was performed to specify the parametdheanembership functions by minimizing
the differences between the simulated and actoal fiostures. Simulations were obtained for
14 novel lifting motions from seven participantverall results indicated that the presented
model simulated lifting motions with an accuracgtttvas at least comparable to some previous
human motion simulation models. Accuracy of thedlelsimulations differed between joints
and was highest near the beginning and end of tit®ns. Strengths and limitations of the
modeling approach are discussed. Use of fuzzy lcgmtrol appears to be a fruitful basis for
future simulations of lifting and other human tasks

*Qu, X., Nussbaum, M.A. (2008) Simulating lifting nmns using fuzzy logic control. Accepted for
publication inlEEE Transactions on Systems, Man, and Cybernetics AP &ystems and Humans.

3.1 Introduction

Interest in simulating human motions spans divdrseiplines, including motor control,
animation, and consumer product design. Extensork has been conducted for occupational
activities, in particular, with several modern carngy aided design (CAD) systems including
humans widely used for task and product design.cufately simulating human motions is a
major function and challenge of human CAD systeR&K et al., 2004), yet Chaffin (2005)
offered three major reasons underlying the valueuofian motion simulation and simulation

models/methods. First, such simulations can reyesgible motion strategies and
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biomechanics that are used to control motions. os#&csuch simulations can predict motions
between different groups of people and differesk$a Third, simulations can predict motions
under novel situations. Numerous successful agidics of human motion simulation have
already demonstrated their ability to improve oatignal efficiency, effectiveness, and safety
(Chaffin, 2001, 2005).

However, since the human musculoskeletal systamehanically redundant, simulating
human motions involves ill-posed problems or noigue solutions (Faraway et al., 1999;
Kawato, 1996). During a simple arm reaching mqgtfonexample, there are an infinite
number of possible trajectories connecting theaihénd target positions. In general,
approaches to solving the ill-posed problem of humation simulation can be classified into
two groups. Those in the first group are optimaabased, where it is assumed that the neural
controller (or central nervous system) plans maibased on certain performance criteria
(Dysart and Woldstad, 1996; Hicheur et al., 200btaCet al., 2004; Uno et al., 1989). These
criteria are used to define an objective functenmy optimization procedures are performed to
find a solution (the optimal motion trajectory) ynimizing or maximizing the objective
function value. Optimization-based approachesahle to suggest mechanisms by which the
neural controller plans motions, based on the foredal assumption that the neural controller
determines motions according to the specified pevémce criterion. However, this
fundamental assumption cannot be proven basedistingxknowledge, which questions
whether an optimization-based approach is a vaidlgtion of the motion planning process

(though models developed using this approach magrgée simulations with some level of
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fidelity and thus have practical utility).

In contrast, approaches in the second group aeelidsted. They derive simulated
motions from pre-existing motion capture data, aagssumptions are made with respect to
functions the neural controller may optimize (Faagyw2003; Park et al., 2004, 2005;
Rosenbaum et al., 2001). In general, underlyiegehapproaches is the construction of a
database for a certain type of motion from empliiizaia. From this database, a model is
developed, and typically uses some features ofnbigon (e.g. the desired initial and final
positions) and the human body (e.g. segment lehgthmputs and provides a simulated motion
as the output (Faraway, 2003). These data-baggdaghes depend on the availability of
actual motion data and, while they can yield gaotuations even for novel motions (Park et al.,
2004, 2005), they provide only limited information the neural control processes.

Developing an alternative to these two traditicm@broaches is the focus of the present
study, the basis for which is fuzzy-logic controFuzzy logic grew from fuzzy set theory as a
way to represent approximate rather than precesoreng, as occurs with the use of linguistic
descriptors (Zadeh, 1973). Itis a common expe&gdhat humans use subjective and
gualitative linguistic terms to guide their behagio For example, when we walk it is hard for
us to determine the exact walking speed. Usualhgt we can tell is whether it is slow or fast.
These linguistic terms cannot be easily describyecoimventional mathematical methods. In
contrast to conventional mathematical methods,yflizgic can incorporate and model
subjective and qualitative linguistic terms effeety. Hence, it can be inferred that fuzzy logic

might be an appropriate basis from which to accéambuman motion behaviors in a realistic
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manner. In addition, the human body is a highlg-ivear system. Unlike conventional
control methods, fuzzy logic has been widely aridatively used in non-linear control system
design. Examples of the applications of fuzzydadginon-linear control system design include
the control of vehicle speed (Bolognani and Zighpt1996), robot motion (Isik, 1987), heat
exchange (Ostergaad, 1977), and power systemsuaheln reactors (Bernard, 1988). Based
on these arguments, fuzzy logic was consideregpropriate tool for simulating human
motions.

Lifting motions are common occupational activitiaad the focus of the present model
development. Lifting simulation may be very helgfuunderstand and prevent occupational
low-back pain (LBP) incidents. LBP is one of theshcommon and costly occupational
injuries, and about 5% of American adults expemeaic episode of LBP every year (Frymoyer
and Cats-Baril, 1987). LBP is frequently assodatéth lifting activities that impose high
loads on the lumbosacral and the lumbar intervestgbints. Body posture is an important
factor affecting loads on these joints duringifti(Chaffin et al., 1999). Use of lifting motion
simulation can help estimate dynamic human posttines avoiding the need for collecting
actual postural data in the process of task evialuatr design. Hence, the objective of this
study was to develop and evaluate a postural dosystem model based on fuzzy-logic to
simulate human lifting motions.  The ability oktimodel to accurately simulate novel lifting
motions was determined, and the model itself wasnexed to identify possible rules by which

lifting motions are planned.
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3.2 Methods

Many lifting motions are bilaterally symmetric (iia the sagittal plane), so this initial
model development focused on simulating only twoehsional motions.  Actual motion data
were needed to specify the simulation model arel/&duate the quality of simulation results.
Such data were obtained from The University of Ngah’'s HUMOSIM database
(www.humosim.org). From the database, kinematia dee available for standing lifts
involving moving a load from a standardized ‘hoipesition to different targets (destinations)
varying in height and distance. These kinematta geere derived from surface markers which
were sampled at 25 Hz. The initial location of lib@d center was always 1.7 cm to the right,
38 cm anterior, and 11.8 cm superior to the midpoatween the hipdHpoint). Of these, 28
motions involving symmetric lifting were extracteahd were performed by healthy volunteers
(3 male and 4 female), aged 20 — 70 years. HaHexde motions had a target set at 10 cm
anterior to the initial load center, and the rerdainat 36 cm anterior (i.e. close and far targets,
respectively). These lifting motions can be alsssified into two groups according to their
target heights. Specifically, 14 motions had g&ad9.0 cm superior to thépoint and were
used here as ‘root motions’ to generate fuzzy rulesrest had a target 16.0 cm superior to the
H-point and were used as ‘novel motions’ for thepoge of evaluating the simulation model
performance. The same participant was requirdift the same load (a box) in both ‘root

motions’ and ‘novel motions’, and load mass vaaetbss participants (1.6 — 3.9 kg).
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3.2.1 Postural control system model

A model of the postural control system (Figure 3\tas developed, and consisted of two
main parts: a neural controller model and a hunaatylnodel. The neural controller plans
lifting motions, and is assumed to be a fuzzy-lagatroller.  Lifting tasks have a goal to
deliver some object to a prescribed target usieghinds. In other words, lifting tasks are
performed to make the distance between the tangetree hands zero. If the distance between
the target and the hands is not zero, the liftasl is not complete and control commands for
manipulating the body should be generated by tleaheontroller to minimize this distance.
Otherwise, the lifting task is complete and no aéaontrol outputs are needed. Thus, in this
study, the neural controller model generated costmmands to manipulate the body based on
positional error (Euclidean norm) between the eifieketors (the hands) and the motion (lifting)
target. The human body was represented by a égeient model (Figure 3.1b), consisting of
the lower leg, upper leg, trunk, upper arm, andeloarm, with five corresponding single
degree-of-freedom joints (ankle, knee, hip, shaulaled elbow). Segments lengths were

specified for each participant, based on kinematitained from skin surface markers.
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Figure 3.1 (a) Model of the postural control systenfor lifting motions; (b) Five-segment
human body model.

3.2.2 Fundamentals of fuzzy logic control

The neural controller was designed as a fuzzy logitroller, consisting of four
elements: the fuzzy rule base, fuzzification irde, fuzzy inference machine, and
defuzzification interface (Castro, 1995). A fuze§e base is the foundation of the application
of fuzzy logic, and includes a set of rules defimasdif... then...’ conditional statements, whose
antecedent part (if...) and consequent part (therre.papressed in linguistic terms. Inputs to
a fuzzy logic controller are generally quantitativedn order to relate these quantitative inputs to
gualitative linguistic terms, the fuzzification @mface calculates the membership functions of

each input, and provides the corresponding fuzagytin The membership function is used to
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specify the extent to which a quantitative valubbgs to a fuzzy set. The fuzzy inference
machine is determined by the overall fuzzy relatiuat is defined by the fuzzy rule base using
fuzzy operators. In the fuzzy inference machihe,ftizzy inputs are matched with the overall
fuzzy relation using the compositional rule of irdiece (de Silva, 1995) to generate the
corresponding fuzzy outputs. The controlled paid control system always requires
guantitative control commands. Thus, the defuzaiion interface translates the fuzzy outputs

into quantitative signals.

3.2.3 Development of the fuzzy rule base

A fuzzy rule base is usually obtained from experd\wledge and experience (de Silva,
1995). However, unlike many conventional contnalgesses, human postural control
mechanisms are not well understood even by exfi€aisato, 1996). Since a rule base is
nonetheless needed, root lifting motions (as deedrabove) were analyzed to determine
‘reasonable’ rules as follows.

It was assumed that the motions of the five joimese independent, so separate fuzzy
rule bases were developed for each. The fuzzyg logural controller was assumed to generate
instantaneous joint angular velocity signals acicgydo the distance between the end-effectors
and target. Therefore, three variables represgpiisitional error and its velocity and joint
angular velocity were adopted for each rule ba$éote that positional error here is always
positive since it is the distance between the dfett®rs and target. In order to minimize the

effects of different lifting conditions (e.g. diffent target locations), instantaneous positional
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error and its velocity were scaled by the initiakpional error, and instantaneous joint angular
velocity was scaled by the error between the ingtnal final joint angles. Thus, the linguistic
terms in the antecedent part of the fuzzy ruleewsed to describe the fuzzy variables of the
scaled positional erroef) and scaled positional error velocigrg), and the linguistic terms in
the consequent part described the scaled angutaityg(V).

Fuzzy rules were generated manually according $emed trends in the fuzzy variable
trajectories, in four steps. First, a set of pnatiary ‘significant’ points along the fuzzy
variables trajectories were identified. These {sowere defined by the local optima, or the
points at which the fuzzy variable definitely bejea to a specific fuzzy set. Second,
significant points at which fuzzy rules were gemedavere identified. Some preliminary
significant points were too closely spaced in timeyhich cases only one was chosen as the
significant point to generate a fuzzy rule. Th&t igere considered redundant because the
fuzzy rules generated from the nearby preliminaggicant points should be the same. Third,
at the time when a significant point occurred, asntiely fuzzy set was estimated to which
each fuzzy variable might belong. Fourth, corresjiing to any significant point, a fuzzy rule
was generated according to the estimated mosy likeky sets for all fuzzy variables.

An example of the fuzzy rule process is given igufé 3.2. Preliminary significant
points are identified, and represented by a treyngfcle, and square (Figure 3.2a) éorery,
andyv, respectively. Some redundant preliminary sigaifit points were then removed. For
example, preliminary significant pointgndl were in close proximity, so poihtvas rejected.

The dotted vertical lines indicate the times atchtsignificant points occurred, and fuzzy rules
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were generated at these times. For example, éitleendicated by line E, the scaled
positional error was estimated as most likely bgiog to the medium fuzzy set, the velocity of
the scaled positional error most likely belongeth®s negative large fuzzy set, and the scaled
shoulder angular velocity most likely belongedte positive large fuzzy set. Thus, a fuzzy
rule might be generated as ‘If the scaled positienar is medium and its velocity is negative

large, then the scaled shoulder angular velocippstive large’.
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Figure 3.2 (a) Trajectories of fuzzy variables froma lifting motion; (b) Trajectories of

fuzzy variables from a lifting motion that is different from the motion in (a).
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3.2.4 Membership functions

Each fuzzy variable corresponded to a series afyfgets, and these fuzzy sets were
defined by membership functions (Fig. 3.3). Speally, scaled positional erroex)
corresponded to five fuzzy sets that were smallrt®&dium small (MS), medium (M), medium
large (ML), and large (L); scaled positional ervetocity (erv) corresponded to four fuzzy sets
that were positive (P), negative small (NS), negathedium (NM), and negative large (NL);
and scaled joint angular velocity) (corresponded to six fuzzy sets that were negéige (NL),
negative medium (NM), negative small (NS), positiveall (PS), positive medium (PM), and

positive large (PL).

47



(&)
ML NV NSa P
1
Y, Y1 0 g
{s)]
NL NIV nstps PM =

P
L

£ L2 s Ly A5 0 Ay I e Ay S
(C)

Figure 3.3 (a) Membership functions for the scalegositional error; (b) Membership
functions for the scaled positional error velocity;(c) Membership functions for the scaled
joint angular velocity. See text for definitions & abbreviations.

Parameters of the membership functions (e:gYX and Z4; Figure 3.3), cannot be
exactly pre-determined for any novel lifting motionin order to specify these parameters, an
optimization procedure was used, that took the negsfilip function parameters as decision

variables and had a cost function given by:

f :Z|9fi _éﬁ | (3.1)
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where n=5 is the number of the joints in the huinady model, &, is the simulated final angle
of thei™ joint, and éﬁ is the desired (actual) final angle of iffdoint. Note that it was
assumed that the motion duration and the desiigdliand final postures for the simulated
lifting motion were available in advance. Hende model is required to simulate all dynamic
postures between the initial and final body confagions.

When applying this optimization procedure, initralues of the decision variables
(membership function parameters) were first rougtsiymated according to the fuzzy variable
trajectories (see Figure 3.2 for examples) usagktwerate fuzzy rules. Subsequently, the
Matlab Optimization toolbox function ‘fminsearciTt{e MathWorks, Natick, MA) was used to
find the optimal set of membership function parargethat minimized the cost function (Eq. 3.1)
for the simulated lifting motion. The algorithmrifnsearch’ uses the simplex search method of
Nelder-Mead which is a direct heuristic search métwithout using numerical or analytic
gradients. Instantaneous joint angles are limited by the rarajgoint motion. In the
optimization procedure, if any predicted instantargejoint angle was not within predetermined
ranges (Table 3.1), the cost function would beasatlarge number. This ensured that the
current values of membership functions were nanggdtand thus could not be selected to
predict novel motions. After determining the membership function parangttére membership

functions used in this study can be completely isipelc
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Table 3.1 Ranges of included angles (degrees)

Joint Included angle Lower bound* Upper bound*
Elbow  7-0,+0, 38 180
Shoulder m-63+6, -61 188

Hip T-04+03 67 180

Knee 7-04+05 67 180

Ankle 05 55 90

Adapted from Lin et al., 1999

3.2.5 Model simulation

Empirically, similar motion trajectories have commfeatures (Lin et al., 1999; Ohta et
al., 2004). For example, for point-to-point reaxchwith the arm, the trajectory of the
end-effector is nearly a straight line, and chamazéd by an asymmetrical bell shaped velocity
profile (Iguchi et al., 2005; Morasso, 1981). tddion, Figure 3.2 showed the trajectories of
the selected fuzzy variables from two differertinig motions. When comparing these and
other trajectories, disregarding the amplitude dmcition, they were found to have similar
trends. Such evidence indicates that similankftnotions have common features, and it was
more specifically assumed here that humans perfaymomparable lifting motions (e.g. to
different target locations) adopt similar fuzzyasil Thus, fuzzy rules derived from the lifting
motion of a single participant were used to simaukatifferent but similar lifting motion.

Based on the available database, fuzzy rules warergted from a root lifting motion, and then
these fuzzy rules were used to simulate the ndtelg motion that has the same anterior target

distance as the root lifting motion for the sameipigant.
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Figure 3.4 Flow of model simulation.

Figure 3.4 summarizes the procedures involvedimguke model to simulate lifting
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motions. Fuzzy rules were generated initially froout lifting motions.  Then, the initial
values of membership function parameters for taeywariables oér, erv, andv were set
according to their trajectories. These two stepeevdone offline. In the next stage, the fuzzy
inference machine was determined according to anatifuzzy relation, defined as:

Ue(er,erv,v) = miax,uRi (er,erv,v) (3.2
whereu, (er,erv,v) = min[Lgg (€r), Ueryi(€rv), 14, (V)] is the membership function of a fuzzy
relation derived from a fuzzy rule, angd,(er,erv,v) is the membership function of the overall
fuzzy relation.

Subsequently, the instantaneous positional errditarvelocity for the simulated lifting
motion were calculated and fuzzified. The mostgmn membership functions are the
triangular or trapezoidal functions (Castro, 1995Lastro (1995) also proved that fuzzy logic
control systems using both triangular and trapedaitembership functions are able to
approximate any real continuous function on a carngpet to arbitrary accuracy. Thus, in this
study, both trapezoidal and triangular membersingtions were used. For a general

trapezoidal membership function (Fig. 3.5), thezffieation algorithm is given by:

1 b<x<c
_|(x-a)/(b-a) a<x<b
" |(d-x)/(d-c) c<x<d

0 else

where a, b, ¢, and d are the trapezoidal membefshgiion parameters,is quantitative input,
andu(x) is the corresponding fuzzy input. For a triangmembership function b=c, and the

calculation still follows Eqg. 3.3.
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a b c d X
Figure 3.5 A general trapezoidal membership functin.

After determining the fuzzified positional errorcaits velocity, the fuzzy inference
machine used the compositional rule of inferenam&tch these fuzzy inputs with the overall

fuzzy relation, and then generated fuzzy angulévoity (Eq. 3.4).

Hy (V) = supmin[eg (€r), Uery (€1V), Ug (€T, E1V,V)] (3.4)

er,erv

Then, a centroid method (Eq. 3.5) (de Silva, 19888 used to defuzzify the fuzzy output

from the fuzzy inference machine.

o Jvi v

= 3.5
[ 14, (vydv 59)

where v is the defuzzified output, i.e. the quantitatimstantaneous joint angular velocity.

The simulated motion time was then compared wighntiotion duration that was specified
externally. If the current simulated motion timasaless than the motion duration, the
instantaneous positional error and its velocityevealculated, and the above procedures were
repeated. If the current simulated motion time {@ager than or equal to the motion duration,
the optimization procedure determined if the cascfion (Eq. 3.1) was minimized. If so, the
simulation was stopped, and the current resultd teseredict the lifting motion. Otherwise,
the optimization procedure reset the membershiptioim parameters and the above procedures

were repeated. Note that the solution obtaineh fitee optimization procedure can not be
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expected to be globally optimal since heuristicgeavas applied in the optimization procedure.

3.2.6 Analysis

To evaluate the model, comparisons were made betaceal and simulated motions,
using only those in the ‘novel motion’ set. Divenge between the two was quantified using
the mean, median, and root mean squared (RMS)wbgolnt angular errors. These errors
were determined for each lifting motion for alldiyoints. Previous studies have also used
mean squared errors (MSE) between the simulate@endl joint angles to evaluate the
performance of a lifting motion simulation (Hsiaagd Ayoub, 1994; Lin et al., 1999), and these
values were also determined here for each joinrréSpondence between the simulated and
actual joint angles was quantified using the baaricoefficient of correlatiorp). For any
novel lifting motion, given the motion duratidn instantaneous absolute joint angular errors
were extracted from five equally-spaced intervalerd (i.e. T/6, T/3, ... , 5T/6). Time8and
T were not included because the initial and finatpces were specified offline.  Analysis of
variance (ANOVA) was performed to identify the effe of joint, motion time, and anterior
target distance on these instantaneous absolutegjogular errors. Post-hoc pairwise
comparisons were conducted using the Tukey's higreghificant difference (HSD) criterion.

The level of significance for all statistical testas set at p=0.01.

3.3 Results

Comparisons of the actual and simulated humandjfthotions for two representative
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novel motion trials are illustrated in Fig. 3.6. ur@mary results regarding absolute joint angular
errors (i.e. between the simulated and actuahgftnotions) are presented in Table 3.2. Most
of the mean and median absolute joint angular em@re < 5°. Across all types of errors, four
were in the range of 10-13°. Additionally, theseemeasures were generally smaller for the
motions with a closer target than those with ehfiertarget. MSESs varied across motions and
joints (Table 3.3). Overall, the simulated motiafishe hip, shoulder and elbow had larger

MSEs than did those of the ankle and knee.
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Figure 3.6 (a) Actual (top) and predicted (bottom)ifting motion trajectories with a far
target. (b) Actual (top) and predicted (bottom) liting motion trajectories with a close target.
Instantaneous dynamic postures were extracted frorh2 equally-spaced intervals over the
motion duration.
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Table 3.2 Absolute angular errors (degrees) betweesimulated and actual lifting
trajectories.

Mean Median RMS
Participant # Close targefrar target Close target Far target Close target Far target
1 3.5 5.0 3.7 4.8 6.6 8.4
2 3.5 54 2.7 5.8 6.8 10.1
3 3.7 7.6 3.5 8.4 5.9 12.9
4 2.6 4.7 2.3 3.1 4.9 7.8
5 3.1 9.7 1.2 10.7 6.6 13.3
6 2.1 7.7 1.2 6.6 4.1 12.6
7 2.3 5.5 1.9 51 4.2 9.6
Mean 3.0 6.5 2.4 6.4 5.6 10.7
Overall Mean 4.7 4.4 8.1

Table 3.3 Mean squared joint angular errors (degre®.

Participant#  Ankle Knee Hip Shoulder Elbow

Close target

1 0.4 0.0 3.0 42.0 173.4
2 0.7 0.6 2.6 56.1 174.4
3 2.0 1.0 4.3 50.7 117.0
4 0.0 0.0 5.2 30.8 81.7
5 0.2 0.0 1.9 61.9 152.2
6 1.1 0.2 0.7 67.0 14.3
7 0.1 0.1 0.5 33.5 53.4
Mean 0.7 0.3 2.6 48.9 109.5
Far target

1 0.8 0.6 36.5 137.0 176.1
2 1.6 0.3 18.2 189.4 296.9
3 1.0 0.3 57.6 628.1 139.8
4 3.4 18.2 7.5 172.9 105.2
5 3.8 285.0 179.4 185.5 226.2
6 50.7 0.4 58.2 446.6 236.0
7 0.2 0.2 30.9 162.4 266.3
Mean 8.8 43.5 55.5 274.5 206.6
Overall Mean 4.7 21.9 29.0 161.7 158.1

Most of the correlations between the simulatedaotdal joint angles were significantly

positive (Table 3.4). Nearly 70% of these coriielzd were > 0.6, indicating a moderate-high
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correspondence between simulated and actual angtéswever, there were also some
unexpected results. Some simulated and actudlgagles were not significantly correlated,
and some were negatively correlated. On avegagalues increased from the lower extremity
to upper extremity, and decreased with an increatiee anterior target distance. Across all
novel motions, three had an average 0.5, whereas eight among the rest had an average

0.6.

Table 3.4 Coefficients of correlation §) between simulated and actual joint angles.

Participant # Ankle Knee Hip Shoulder Elbow Mean

Close target

1 0.92 0.99 0.90 0.76 0.77 0.87
2 0.88 0.70 0.62 0.57 0.75 0.70
3 0.98 0.86 0.64 0.80 0.78 0.81
4 0.59 0.22* 0.72 0.91 0.91 0.67
5 0.21* 0.70 0.93 0.92 0.54 0.66
6 0.72 0.25+ 0.98 0.84 0.89 0.74
7 0.84 -0.08* 0.87 0.59 0.70 0.58
Mean 0.73 0.52 0.81 0.77 0.76

Far target

1 0.41 -0.10* -0.42* 0.89 0.81 0.32
2 0.75 0.96 0.27 0.82 0.91 0.74
3 -0.39* 0.40 0.51* 0.66 0.96 0.22
4 0.29 0.61 0.79 0.90 0.55 0.63
5 0.29 0* 0.88 0* 0.44 0.32
6 0* 0.60 0.75 0.79 0.75 0.58
7 -0.55* 0.83 0.94 0.93 0.62 0.55
Mean 0.12 0.47 0.39 0.71 0.72

Overall 0.42 0.50 0.60 0.74 0.74

Mean

* indicates that correlation was not significarplysitive.
There were significant main effects of joint (F84,6)=49.1, p<0.01) and motion time

(F(4, 316)=14.2, p<0.01) on the instantaneous abs@int angular errors.  The joint x motion
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time interaction was also significant (F(16, 3165%9<0.01), though it appeared to be relatively
unimportant (Figure 3.7). No other main or int¢i@t effects were significant, though there
was a trend (p=0.085) indicating ~1° larger ersehen lifting to far targets. On average, the
absolute joint angular errors of the shoulder (9a8fd elbow (11.2°) were larger than those of
the ankle (1.0°), knee (1.8°) and hip (4.0°). Hust comparisons indicated that errors were
significantly larger for the shoulder and elbowrtliae remaining joints. Instantaneous
absolute joint angular errors appeared to increatbemotion time initially, and then decrease
after reaching a peak value near the middle sthtfeeanotion. These errors were significantly
larger at the middle stage of lifting motiorid?) than at either the initial or final stage of

motions (T/6 or 5T/6).
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Figure 3.7 Mean absolute angular errors at differehmotion times; each curve represents a
different joint.

3.4 Discussion

The main purpose of this study was to develop amatlate a fuzzy-logic-based model
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for simulating two dimensional (sagittal planejitif motions. A simple two-dimensional
five-segment body model was adopted and assumteel toanipulated by a fuzzy-logic neural
controller. Fuzzy rules were generated from aatuation data, and then used to predict novel
motions on a participant-specific basis. In additito specify the parameters of membership
functions, an optimization procedure was perforioganinimizing the differences between the
simulated and actual final postures.

When empirically evaluating human motion simulatioadels, 10° has been suggested
as a criterion value for mean joint angular er{@sck and Chaffin, 1992; Perez, 2005). From
this perspective, the presented model is able eéquately predict lifting motions in the sagittal
plane, since the overall mean joint angular erfarshe 14 simulated novel motions were all <
10° (Table 3.2). Results from the present moda abmpare favorably to those from other
human motion simulation models. Specifically, Zhamd Chaffin (2000) presented a model
based on an optimization-based differential invérsematics approach to simulate seated
reaching motions. Overall mean and median joiguéar errors from their study were 5.2° and
4.7°, respectively, with corresponding values hadré.7° and 4.4°. Perez (2005) used artificial
neural networks to predict lifting motions and fduRMS joint angular errors typically less than
20°. Here, these errors were < 14° for all liftingtions (Table 3.2). In addition, except for
the elbow, mean MSEs for the ankle, knee, hip &odlsler joints in the current study were
smaller than those from Lin et al. (1999) who siatedl lifting motions using a dynamic planar
motion simulation model (i.e. ankle: 4.7 vs 20.8e&: 21.9 vs 148.6; hip: 29.0 vs 78.4; shoulder:

161.7 vs 270.2; elbow: 158.1 vs 105.0. unit; degreeln addition to these error measures,
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correlations between simulated and actual jointesgdicated that the presented model can
simulate actual lifting motions with good fidelitsince most of these correlatiopd ere >
~0.6.

Average absolute joint angular errors and mean M&kte smaller for the ankle, knee
and hip than for the shoulder and elbow (Fig. 3d @able 3.3). The former joint angles thus
appear to be better predicted than the rest uemgurrent model. However, when considering
the relative strength of association between sitedland actual joint angles, (Table 3.4), it
appears that predicted ankle, knee, and hip amgles not as good as the predicted shoulder and
elbow angles. A possible explanation for this dipancy is that the shoulder, and elbow joints
were more ‘active’ during novel lifting motions, the sense that larger angular excursions were
observed. Specifically, the average ranges ofldeo@and elbow joint angles (41.4° and 43.8°)
were substantially larger than those of the arldiee and hip (2.8°, 4.8° and 13.8°). A smaller
joint motion range can be expected to lead to @nalror measures for that joint. Thus,
absolute error measures are limited when detergiwimich joint angles might be better
predicted than others. Instantaneous absolutegoigular errors were smaller at the initial and
final stages of lifting motions, which is reasorebince the predicted initial and final postures
were specified in advance. Thus, the predicte@imaneous postures should contain more
information about the actual ones when gettingarios the initial or final posture in time.

Lifting to a closer target involves smaller angwgacursions. Hence, motions to a closer target
should tend to generate smaller error measuresjstent with the results found (though the

effect was only marginal).
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It has been generally considered that joint torgueghe outputs of the neural controller
when planning motions (Ferry et al., 2004; Martimle, 2006). However, in this study, using
joint torques as neural control outputs might tss leffective and/or less efficient mainly due to
two factors. First, joint kinetic data were notdable directly (i.e. not included in the
HUMOSIM database). Second, since we only adoptthalified five-segment human body
model and each segment was assumed to be rigitiioaddi errors would be induced using joint
torques to calculate lifting kinematics. In costrto joint torques, joint angular velocities can
be derived easily from the HUMOSIM database. Maorgortantly, using joint angular
velocities to calculate joint angular displacememtsild induce much less errors than do joint
torques. Thus, the neural control outputs werarassgl to be instantaneous joint angular
velocities.

When using the current model, it was assumed tiitzliand final postures are
determined in advance. We made such an assunitause initial and final postures are
often available (e.g. through photographs, videosask simulations) or can be statically
estimated (Park et al., 2004). When simulatingiomst we were more interested in the
dynamic postures occurring between them, and tme ssssumption has been required for other
lifting motion simulation models (Beck and Chaffil§92; Chang et al., 2001; Iguchi et al.,
2005).

In essence, the presented model is data-based, reioerded motion data are needed to
generate fuzzy rules. Yet unlike existing dataebamodels, potential neural control

mechanisms were taken into account in this mod8pecifically, the neural controller was
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based on fuzzy logic. Fuzzy rules are the basigfplication of fuzzy logic. These rules are
able to reflect the external properties of the akcontroller by describing the relationships
between the neural controller’s inputs and outputs. contrast to existing data-based models,
the presented model was able to provide informaggarding the neural control mechanisms by
interpreting fuzzy rules. For example, during madeulation, a fuzzy rule was generated as:
“if the scaled positional error is medium and i&docity is negative large, then the scaled
shoulder angular velocity is positive large”.  Frthms rule, we may speculate that when the
neural controller sensed a medium positional eanat negative large velocity error, it would
generate control signals to adjust shoulder angaarcity to be positive large. It is also
important to note that fuzzy rules are not basedrmnassumptions, but rather stem from
observed motion data. Thus, the presented modghange a higher level of construct validity
than optimization-based models.

Overall, the presented model was able to simwabedimensional lifting motions, and
offers some hypotheses regarding how the neurdtater works. However, several
limitations still exist when using this model. $tirdue to the properties of linguistic terms,
there is no way to obtain the exact rules betweenyf inputs and outputs. We can only
roughly estimate the possible rules by analyzirtgalanotion trajectories. Second, we
assumed that the neural controller adopted the stnategy for different but similar lifting
motions. This may not necessarily be true in tgadis humans may have many options to
complete a given motion task and the motion plagmiray have a stochastic component. Third,

some features of the predicted motions, such amdtration, must be specified externally.
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While durations may be externally specified or jctble in some cases (e.g. assembly line
tasks), this is clearly not true for all tasksmterest. Fourth, this model may be
computationally inefficient since an optimizatioropedure was adopted to determine the values
of membership function parameters and fuzzy ruéebsth be specified manually.  Fifth, we
made several assumptions during model simulatiosifoplicity. For example, we assumed
that motions of five joints were independent. Téhassumptions might not be valid in reality,
but were required in this initial model developmimbrder to improve computational efficiency.
It is also important to note that root motions #meir corresponding novel motions were
somewhat similar in this study, so fairly good peidns might be expected. However, as has
been the case with other data-based models (Far2@@$), when the novel motions differ
substantially from the available root motions, tluality of these predictions may degrade.

Sensory delay should exist in the postural corstystem due to sensory transduction,
transmission, and processing. As noted earliegyfuules were specified manually. Sensory
delay is typically ~100 ms (Peterka, 2002), whila irelatively small value compared with the
motion durations studied here. Hence, we couldeasetly identify such small time differences
when specifying the fuzzy rules. Sensory noise meonsidered for the same reason.
However, we still suggest that fuzzy rules canaeefsome aspects of the neural control
mechanisms. Because sensory delay likely intraglagehase difference to the neural inputs,
the essential properties of the neural inputs shoat be changed.

Besides the ranges of joint motion, lifting motionay also be limited by other

constraints such as joint strength and balancetersance. However, the latter constraints

63



were not incorporated because neither could beileaéd with sufficient accuracy here due to
the use of a simplified five-segment body model.owdver, these and other constraints might
be included with adoption of a more complex humadybmodel in the future. Specifically, if
either simulated joint strengths exceed their knoit the projection of the whole body
center-of-mass goes beyond the base of support BRScost function of the optimization
procedure could be set to a large number as descabove, thereby ensuring the current
membership function parameters were not optimal.

In this study, simulation of any novel lifting moti used the root lifting motion from the
same participant to generate fuzzy rules, and mbydimensional lifting motions were
simulated. The presented model should also betaldgnulate motions across individuals (e.g.
using a root motion and novel motion from differemtividuals), and be applicable to
two-dimensional and three-dimensional motions beotypes (so long as some root motions are
available). Thus, in future research, the abdityhe presented model to simulate lifting
motions across individuals and to simulate two-digienal and three-dimensional motions of
other types should be investigated. At the same,tas noted earlier, we assumed that motions
of the five joints were independent. Studies hawealed that different joints were coordinated
together to manipulate human postures (Chaffin.e1899), so dependence of joint motions
should be taken into account when developing futwr@an motion models. Furthermore,
sensitivity analyses, generalizability, and invgations of the effects of some tasks attributes on

the observable trends in fuzzy variable trajectoare also worthy areas of future investigation.
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Chapter 4 A Balance Control Model of Quiet Upright Stance basd

on an Optimal Control Strategy

Abstract

Models of balance control can aid in understandi@gmechanisms by which humans
maintain balance. A balance control model of qupight stance based on an optimal control
strategy is presented here. In this model, theambody was represented by a simple
single-segment inverted pendulum during uprighmataand the neural controller was assumed
to be an optimal controller that generates ankigrobtorques according to a certain
performance criterion. This performance critenas defined by several physical quantities
relevant to sway. In order to accurately simuéatisting experimental data, an optimization
procedure was used to specify the set of modehpetexs to minimize the scalar error between
experimental and simulated sway measures. Thirtyihdependent simulations were
performed for both younger and older adults. Tloelefis capabilities, in terms of reflecting
sway behaviors and identifying aging effects, ween analyzed based on the simulation results.
The model was able to accurately predict centgrre$sure-based sway measures, and identify
potential changes in balance control mechanismsechly aging. Correlations between sway
measures and model parameters are also discussed.

*Qu, X., Nussbaum, M.A., Madigan, M.L. (2007) A balancetommmodel of quiet upright stance based on an
optimal control strategylournal of Biomechanics 43590-3597.

4.1 Introduction

Upright stance is inherently unstable in that withimternal control, even minute
amplitude disturbances can compromise stabilitpterhal control is provided by the postural
control system which generates joint torques tdrobapright stance (Ishida et al., 1997;
Peterka, 2000). Thus, investigating balance contezhanisms may aid in understanding the
postural control system.

A number of balance control models have been pexpts investigate balance control
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mechanisms. The most essential aspect of suchlsngdbe model neural controller. In
general, methods used to model neural control easiassified into two groups. In the first
group, it is assumed that the neural controllepégla particular control strategy to maintain
balance. These include PID (proportional, derixgtand integral) control (Igbal et al., 2004;
Johansson et al., 1988; Maurer and Peterka, 2B0B)D (recurrent integrator proportional
integral derivative) control (Jo and Massaquoi,£0@nd sliding mode control (Bottaro et al.,
2005), etc. While these studies have providedsesltiar applying control theory to the neural
controller, a common concern with such models as ithis impossible to validate the
fundamental control assumption since it is stikmown how the neural controller works. In
the second group, the neural controller is completetermined by available experimental data
(Fujisawa et al., 2005; Ishida et al., 1997; Kieetehl., 2002). These models appear more
valid, as no assumptions about the controller hav® made, yet are limited by a dependence
on experimental data. Further, when using modelse second group, the neural controller
has to be modeled as a discrete system, which maage errors related to discretizing
continuous data. Such errors can result in inktyalzthen modeling upright stance (Ishida et
al., 1997).

Human motions are generally effective and efficierfeor example, hand paths taken in
point-to-point reaching movements are the sholtesteen the initial hand position and the
target since they tend to be straight and smootbrésso, 1981; Ohta et al., 2004), and these
movements appear to be organized to minimize erexggnded (Soechting et al., 1995).

Some type of optimization also appears preseritarcontrol of muscle recruitment for
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generating motions (Fagg et al., 2002). With respethe control of upright stance, some
investigations of sway have been based on the gggamthat these motions are planned
according to optimal objectives, and have yieldealistic motion trajectories (Ferry et al., 2004;
Martin et al., 2006). Thus, we may consider thatrieural controller is an optimal controller
that is able to optimize the generation of swayiomofthough we may not knos, priori, what

is optimized).

The purpose of this preliminary study was to depelonew balance control model based
on an optimal control strategy, and to demonstradeasibility of this model in simulating
spontaneous sway. Since center-of-pressure (Ca&d@dsway measures are most commonly
used to characterize sway behaviors (Baratto €2@02; Peterka, 2000; Prieto et al., 1996), this
model was expected to be able to accurately simslaby behaviors characterized by
COP-based sway measures. The experimental COE-basg measures used to specify the
proposed model was given by Prieto et al. (199®ecent studies have shown that older adults
have a reduced ability to maintain balance (Du Biasept al., 2003), indicating that aging likely
compromises balance control. Thus, results argepted on the ability of the model to
simulate spontaneous sway measures, to refleetréiftes in sway associated with age, and to

identify potential internal mechanisms that calmse differences.

67



4.2 Methods
4.2.1 Human body dynamics and sensory systems

The postural control system was modeled as a fek&dimmtrol system (Masani et al.,
2006; Peterka, 2002). The closed loop in the paktwntrol system model consists of three
parts: human body dynamics, the sensory (affefeatjback, and a neural controller. Human
body dynamics was described by a single-segmeettes pendulum model (Fig. 3.1). Sway
motion was assumed to be restricted to the sagittake. The anthropometry of the simulated
subject was set to that of an average adult masu(®t and Peterka, 2005). The equation of

motion for the inverted pendulum model of the badgiven by:

COM I......N..A..'_.:A:"..

Figure 4.1 Single-segment inverted pendulum modef sway dynamics.

The equation of motion for the inverted pendulunmdeimf the body is given by:
16(t) - Mghsin&(t) =T (t) (4.1)
wherel = 66kg/nfis the moment of inertia of the body about the ariWll = 76kg is body mass,
h =0.87m is the height of the body center of m&3WN), 6 is the sway angld; is the ankle

torque, andy = 9.81m/&is the acceleration due to gravity. For spontarexwayd(t) is small
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enough so thaing(t) = 4(t). Thus, Eq. 4.1 can be linearized as:
16(t) - Mghé(t) =T (t) (4.2)
The sensory systems were assumed to be able tmlprascurate body orientation
measures to the neural controller, but with aniiehetime delay due to sensory transduction,
transmission, and processing (van der Kooij etl&99). We assumed that the sensory delay
time was time-invariant for a given individual unad®nsistent conditions. In order to linearize
the sensory system model, the delayed sway angiskaiacement,é(t) =0(t-r,),was

expanded using a Taylor series (Bajpai et al., 9% thereby approximated as:

a(t) = 6t) -7, A(t) + % r2 4(t) 4.3)

wherertq is the time-invariant delay time.

According to Egs. 4.2 and 4.3, given a zero init@hdition, the properties of body
dynamics and sensory systems can be representée lyllowing transfer functions,

respectively:

(s) _ 1

(S _ 4.4

T'(s) Is*—-Mgh 4
@:ETESZ—Tds&l or @=1T§SZ_T(15+1 (4.5)
6(s) 2 o(s) 2

To stabilize the postural control system, so thattody is kept upright, the properties of
both body dynamics and sensory systems shouldkba tato account by the neural controller.
Thus, the controlled part in the postural contggtem includes both body dynamics and sensory
systems. In addition, without taking random disamnce torque into accouft=T. Thus,

derived from Egs. 4.4 and 4.5, the transfer fumctrom the torque generated by the neural
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controller () to delayed sway angular displaceme@n} (s:

A 1 o._
9(5):§Tds rys+1

T(9) Is* — Mgh

(4.6)

Since the Laplaces*can be directly replaced by the differentiatigrecator, according to
Eq. 4.6:

éa):5$m90)+%Ta)—%iTa)+%rﬁ10 (4.7)

Thus, we obtained the state equations accountinipéoproperties of body dynamics and

sensory systems as follows:

X(t) = Ax(t) + Bu(t) (4.8)
0O 10 O 0 9
Mgh 0 1 -1y I3 61(t)
whereA=| | I | |, B=]| 2l [, the state isx(t) = o) , and the control signal
0 00 0 T(t)
0O 00 O 1 T(t)
is, u(t)=T(t).

The neural controller was designed according t@atimve state equations, and it assumed
to be an optimal controller that incorporates atino@l control processor and two integration
units. The optimal control processor generate®ftienal control signal (u) according to some
performance criterion. Two integration units endina the output of the neural controller is the
joint torque. We also assumed that spontaneoug waa caused by both the torque generated
by the neural controller and a random disturbanogue (e.g. Peterka, 2000). The latter
modeled as white noise. The complete postural cbsyistem model can thus be illustrated as in

Fig. 4.2 (a).
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Figure 4.2 (a) Human postural control system modedf balance control. 6 = sway angular

m]
displacement; 8 = delayed sway angular displacemenf = ankle torque; Barget = target

sway angle. Human body dynamics is defined by E4.4. Sensory systems are defined
by Eq. 4.5. (b) Optimal control processor model. {K K, K3, K4} is the optimal feedback

gain.

4.2.2 Optimal control processor

The optimal control processor was designed follgnan optimal control strategy and

expected to generate the optimal control signal Since there is no clear final condition for
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spontaneous sway, the optimal control processetesrmined by an infinite-time linear
guadratic regulator (LQR). The LQR minimizes afpenance index of the standard form

. % [ QX)) +u' O Rup)dt (4.9)
whereQ andR are time-invariant weighting matrices for stat@nd control signal (see Eq. 4.8),
and are chosen by regulating certain physical dgtiestelevant to sway.

Statex and control signall (see Eq. 4.83hould be able to represent selected physical
guantities, and do so in a form that allows theglvehg matrices to be easily obtained. Minimum
torgue change rate is one of the most common ieritesed to predict human motion (Chang et
al., 2001; Uno et al., 1989). Ferry et al. (2084l Martin et al. (2006) used this criterion to
simulate sway motion and found that it could yieddlistic trajectories. Humans may also try
to minimize the displacement and velocity of thegwngle, and/or other joint torque measures
over time in order to maintain balance effectivahd efficiently. Therefore, it was concluded
that the relevant physical quantities included an&tque measures and delayed body orientation

measures. From this, the optimal controller’s genfance index was defined by:
J= % j: (W67 (t) + W,07 (1) + W 2(t) + w,T2(t) + w,T 2 (1)) dlt (4.10)

where w,, w,, w,, w, and w, are weightings of the respective relevant physicaintities.
These weights are not predetermined. Rather,dhegetermined as described below, and are
subsequently interpreted as indicating which plafsicantities play a more important role in
balance control.

In order to apply formulated optimal control eqoas, the performance index (Eg. 4.10)
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must first be converted into the standard form €§). Doing so yields the weighting matrices

QandRin Eqg. 4.9 as:

w, 0 O O
O w, 0 O
Q= 0 0 w O and R=w; (4.11
3
0 0 0 w,

After determining the weighting matrices of thefpemance index in the standard form,
and state equations of the controlled part in thetyral control system, the optimal state
feedback gainK = {Ky, Ky, Kz, K4}) is needed This gain is used to define the optimal control
processor (Fig. 4.2 (b)), and can be calculatesidbying the Riccati equation (Naidu, 2003).
Given the stat&, the optimal control processor generates the @btoontrol signal:

u(t) = —Kx(t) = (K, A(t) + K,A(t) + K,T(t) + K, T () (4.12)

Note that when using the Riccati equation to calieuthe optimal feedback gain, only the
state matriced andB (see Eg. 4.8), and the weighting matri@eandR (see Eq. 4.9) were
required, and the properties of the random noige wet taken into account. This is appropriate
since the random noise is not contained in theeddsop of the postural control system, and thus

cannot account for the internal properties of tbstpral control system.
4.2.3 Optimization procedure

Unlike the anthropometry of the simulated subjeotme model parameters, e.g. sensory
delay time, cannot be specified in advance. Atstmae time, the balance control model was

expected to be able to accurately simulate swayurea. To this end, an optimization
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procedure was performed to determine the valu#iseofinspecified model parameters, so that
the simulation results can best match the expetiahegsults.

COP-based measures of sway were desired from tdelroatput for comparison with
experimental data. From body dynamics, the COplattement along the A/P directioXcgy)

was determined using (Maurer and Peterka, 2005):

_ (Mh? = 1)8 + Mxg (g + ¥5) = MygXs —Mhe % + m.d. g
M(g+Vg)+m:g

X

cop

(4.13)

wheremge = 2.01kg is the mass of the felat= 0.085m is the height of the ankle, ald=
0.052m is the A/P distance between the ankle am€®M of the feet (additional terms are as
defined above).

Prieto et al. (1996) systematically presented @s€0OP-based sway measures. Maurer
and Peterka (2005) classified these measureshree gjroups. Measures within each group are
highly correlated, and between groups have lowaetations. According to Maurer and
Peterka’s classification, we chose three measuoes éach group to define the cost function for
the optimization procedure. These measures aran mistance (MD), root mean square
distance (RMS), maximum distance (MAXD), mean viglo@MV), mean frequency (MFREQ),
50% power frequency (P50), 95% power frequency (R&ntroidal frequency (CFREQ), and
frequency dispersion (FREQD). The cost functiodgBned a scalar error function of these
sway measures (we will provide detailed definitiorthe following chapters). This
optimization procedure is sufficiently complex thauristic approaches are suitable for

searching for a good solution.
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The cost function in the optimization proceduréhisn given by:

E- Z(COPM COPM 2 (4.14)

1= SD
where N=9 is the number of COP-based measu@@PM, is the mean of th¥' COP-based

| a
measure from the simulation results, a&d: and COPM, are respectively the standard

deviation and mean of ti® COP-based measure from the experimental resultsaddition, a
genetic algorithm (GA) was implemented to deterntirveeoptimal set of model parameters in

the optimization procedure.
4.2.4 Model simulation and analysis

Figure 4.3 shows the flow of model simulation. tildly, the state equations of the
controlled part in the postural control system wagtermined. Then, the values of the model
parameters were randomly set for a simulation.triflased on the current model parameters,
the weighting matrices of the optimal control pres@’s performance index were determined,
and then the corresponding optimal feedback gasmoiained by solving the Reccati equation.
This optimal feedback gain was then used to detexriie optimal control signal. At this stage,
we were able to simulate the kinematics and dynswhicing spontaneous sway. Based on the
simulation output, the simulated COP-based measuees obtained, and then compared with
the experimental COP-based measures. The hewagiroaches were used here to determine
whether the cost function was minimized. If s@s gimulation trial was stopped, and the

current simulation results would be used for furthalysis. Otherwise, the GA would aid in
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finding another set of model parameters, and tloe@procedures would be repeated until the
cost function was minimized or a stopping critenas met.  In this study, the stopping

criterion was the maximum number of generatioresgtions) which was set at 50.

Determine state equatic

v

Set model paramett

'

Determine the neural
controller’s performance ind

v

Determine the optimal neural contro

A

Heuristic
¢ search
Simulate spontaneous sv

Calculate optimization
procedure’s cost functi

Minimized cost
function?

Figure 4.3 Flow of model simulation.

In the preliminary study, 32 independent simulaianth different initial random
disturbance seeds were performed for both younggoller adults. The whole simulation
procedure was coded using the Matlab programmimguiage (The MathWorks, Natick, MA),

and each simulated sway trial was 40 seconds iatidar  After obtaining the simulation
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results for all the simulated trials, two-samptests were used to identify significant (P<0.05)
differences in any model parameters between yousngolder adults. We also determined

linear correlations between model parameters andlated sway measures.

4.3 Results

4.3.1 Simulated sway measures

Nearly all the simulated sway measures from theiBwilation trials were within the one
standard deviation ranges of the correspondingrerpatal data (Fig. 4.4). The only
exception occurred in the measure of MFREQ, bwai still very close to the upper bound of

the one standard deviation range of the experirhezgalts.
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4.3.2 Model parameters

Several modeled parameters differed between yowargeolder adults (Table 4.1).
Significant differences were found in the weightsway angular velocity,), ankle torque
(ws), ankle torque acceleratiowd), and random disturbance gakq)( More specificallyyw,
andws were significantly larger in younger adults, whitgandk, were significantly larger in
older adults. In addition, some differences ingheameters approached significance, including
the weight of sway angular displacemest)@nd sensory time delay) which were both larger
in the older group.

Table 4.1 Model parameter means (SD) for younger aholder adults (p-values given for
age-related differences)

Younger adults Older adults p-value

Weightw; 0.330 (0.195) 0.397(0.188) 0.083
Weightw, 0.540 (0.198) 0.434 (0.177) <0.05
Weightws 0.072 (0.050) 0.098(0.063) <0.05
Weightw, 0.053 (0.038) 0.069 (0.066) 0.123
Weightws 3.84 (3.00) x16 1.96 (2.97) x18 <0.05

Disturbance gaii, 151.8 (23.1) 356.1 (83.3) <0.05
sensory delayy (ms) 25.6 (18.0) 33.3(23.0) 0.073

4.3.3 Correlations between the simulated sway meags and some model parameters

Typically, the simulated sway measures were paditigorrelated wittwy, ws, wa, k,, and
74, and negatively correlated witty andws (Table 4.2). Two exceptions were that FREQD was
positively correlated withvs, and P95 was uncorrelataet@.003) with zg. Not all of these
correlations were significant. For example, algjiow; seemed positively correlated with all of
the simulated sway measures, none of these cooredawas significant. However, most of the
sway measures (MAXD, MV, MFREQ, P95, CFREQ) wegngicantly correlated witlw,, ws,

ws, andk,. In addition, MD and RMS were significantly cdeted withw,, ws, andk,, P50

79



with ws, k,, andzg, and FREQD witlw, andk,,.

Table 4.2 Correlations (r) between simulated sway easures and model parameters

weightw; weightw,  Weightws weightw, weightws disturbance sensory

gaink, delayzy
MD 0.181 -0.247 0.119 0.124 -0.262 0.832 0.187
RMS 0.176 -0.247 0.150 0.112 -0.297 0.850 0.177
MAXD 0.160 -0.246 0.229 0.083 -0.343 0.831 0.108
MV 0.162 -0.276 0.298 0.112 -0.335 0.878 0.153
MFREQ  0.124 -0.267  0.409 0.099 -0.355 0.812 0.109
P50 0.112 -0.150 0.074  0.073 -0.259 0.679 0.265
P95 0.133 -0.227  0.257 0.083 -0.328 0.906 -0.003
CFREQ 0.170 -0.295  0.260 0.188 -0.267 0.839 0.174
FREQD 0.056 -0.203 0.197 0.312 0.0917 0.338 0.115

Correlations noted by * were significant (p<0.05).

4.4 Discussion
One of the objectives of this study was to develdgalance control model based on an

optimal control strategy that could accuratelyeeflpostural sway during quiet upright stance.
The simulation results showed that almost all sated sway measures were completely within a
one standard deviation range of the correspondipgrenental data. Therefore, the balance
control model appears able to simulate realisti®®@@sed measures of sway.

Since the proposed model was able to simulatesteaf OP-based measures, it can be
used to identify potential underlying causes ofdgang effect on balance control. Itis
generally accepted that aging adversely affectatisaracy of control signals by increasing
sensory noise and elevating sensory thresholds édland Ashton-Miller, 2005; Gilsing et al.,
1995; Tian et al., 2002). Accuracy of the consighal is influenced in the simulation model
by the random disturbance gaiq)( With larger disturbance gains, the accuracthefcontrol
signal decreases. Since the predicted randonrligsioe gain among older adults was
significantly larger than that of younger adulte proposed model provides a plausible

mechanism to explain age-related differences iflghpbalance control.
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Sensory delay has also been generally considernedriease with aging (Ahmed and
Ashton-Miller, 2005). From the simulation resultse mean sensory delay time among older
adults was larger than that of younger adults, ghauwt significantly (p = 0.073). In addition
to disturbance gain and sensory delay, other mualalmeters also showed effects of age (Table
4.1). For example, the weight of ankle torque Bregion (vs) was significantly larger in
younger adults, so it might be concluded that atddgue acceleration plays a more important
role in balance control in younger versus oldeitadu

By examining the correlations between simulatedysavaasures and model parameters,
we found that some model parametevs (v, ws, andk,) may be predictable from more directly
observable sway measures. For example, randonrlosice gainkg) was positively (and
significantly) correlated with all sway measuresience, knowing certain tendencies regarding
sway measures, which can be determined experinhgmtely aid in estimating the differences
in underlying random disturbance magnitudes amaffgyreint subject groups. In addition, we
may also apply these relationships to eliminatemeldnt factors in the proposed model. For
example, changes in the weighting of sway angutgpiacementw;) may not substantially
affect any sway measures because it showed weeNatoons with all of them. Since sway
measures are generally used to characterize pbswag, it may not be necessary to consider
the role of sway angles when analyzing posturatrobmechanisms.

Predicted sensory delay, accounting for the tinlaydi@ the feedback loop, was ~ 30ms.
This time delay could be interpreted as the latdrmy the instant that mechanoreceptive
afferents (e.g. in the foot) are stimulated, uhéd instant a sensory evoked potential is recorded
in the somatosensory area of the brain (Masari,2G06). Applegate et al. (1988) reported

that this time delay was in the range of 35.4-40s] which is comparable to our simulation results.
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There are clearly other sources of delays, sutheasiotor command time delay in the postural
control system, but these time delays are noterféedback loop. In order to simplify the
model — the more time delays that were introduoatié model, the more states that should be
considered when designing the neural controllee-did not model these time delays. Note
that errors may still be made in estimating sensletgy primarily due to two factors. First, the
genetic algorithm cannot guarantee that exact glgitemal solutions are found, so the predicted
sensory delay may not be the exact time delayarfeébadback loop. Second, the delayed sway
angle considered in the model was only an appraxomégsee Eq. 4.3).

A PID control strategy has been widely used togleiie neural controller in balance
control models (Igbal et al., 2004; Johansson.efl8B8; Maurer and Peterka, 2005). In
particular, Maurer and Peterka (2005) obtainedstakimulations of COP-based sway
measures using such a controller. The major @iffee between the presented model and that
of Maurer and Perterka (2005) is in the contratsigy used to define the neural controller. We
assumed that the neural controller adopted an aptiontrol strategy. As a result, the inherent
parameters of the two models are different. Sthese model parameters are used to explain
how the neural controller works, balance controthamisms are explained from different
perspectives. For example, we used weightingewdral physical quantities relevant to sway
to indicate which of these plays a more importalg m balance control. In contrast, Maurer
and Peterka (2005) interpreted the effect of adtiffness on balance control.

Kuo (1995, 2005) and van der Kooij et al. (1999ehalso successfully applied optimal
control theory when constructing balance controtlelts. However, van der Kooij et al. (1999)
only took into account the properties of human bdgyamics when specifying the optimal

feedback in their model. Sensory systems areaalsmportant aspect of the closed loop
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portion of the postural control system. In ordeoptimize the performance of the whole
postural control system, properties of sensoryesystshould be considered by the neural
controller. In Kuo’s study (1995), the state equad accounted for both body dynamics and
sensory properties. However, the system matriees wpecified by measuring the feasible
acceleration set (FAS). Itis not easy to obthsRAS, since it is derived from many complex
factors, e.g musculoskeletal geometry and musdpguties. In contrast to these earlier models,
the model presented here derived the controlldd stguations (Eq. 4.8) from the transfer
functions of human body dynamics and sensory systand the neural controller was modeled
according to these state equations. In additiorgdditional knowledge was necessary when
specifying the sensory systems.

A strength of the model presented here is thatig able to accurately simulate sway
behaviors. Further, we have presented an appfoadetermining what to optimize and how
to optimize when modeling balance control duringrgpneous sway. Modeling the neural
controller as an optimal controller stems from ggblogical basis, in that it is possible to
incorporate physical quantities relevant to sway the performance index defined in the
optimal controller. It is also physiologically pisible that the state(see Eg. 8) can be fed
back to the neural controller to generate the ogitcontrol signal.  Specifically, muscle
spindles can sense the joint angular displacemmeht@locity (van der Kooij et al., 1999), and
the state variable§ and T are internal states of the neural controller. th& same time, this
model can be used to analyze potential balanceaionechanisms for different groups of
subjects by simply comparing their model parametets addition, this model may aid in
predicting human physiological reactions used imtaiaing balance, and facilitate evaluating

the potential impact of intervention strategiestfa improvement of balance.
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The model presented here also has some limitatiofsst, only a few physical
guantities that may have effects on spontaneouyg sambe incorporated into the performance
index. Second, the neural controller may not useimal control strategy to generate the
motor plans that lead to spontaneous sway, thoagbdoon the simulation results, we may say
that such a control strategy can at least parghyeex the neural controller. Third, the presented
model is only applicable for small amplitudes air sway motion, given only ankle torques
were considered to contribute to maintaining badafikuio, 1995). Fourth, this model depends
on experimental data to determine the parametdé¥ste that in the current work, the same
anthropometry was assumed for both younger and atildts. This represents a limitation in
implementation, though not necessarily in the modedpproach. Fifth, GAs are a heuristic
approach and not good at local searching, which meaguarantee that the obtained set of
model parameters were globally optimal.

It can also be argued that the real sensory systeen®uch more complex than is
represented in the model, as a time delay, sinogaiatain upright stance body orientation
information from visual, vestibular, and propriotigp sensory systems should be integrated and
fed back to the neural controller (Kuo, 2005; RagR002). Two reasons motivated our
adoption of a simple time delay to represent sgnsgstems. First, the focus of this study was
not on an investigation of the contributions ofsmy systems to balance control. Second, itis
easy to linearize sensory systems by simply usitige delay representation, so that the Ricatti
equation can be used to calculate the optimal f®edbain. Several studies have also used this
simplification to model sensory systems and obtanealistic results (Masani et al. 2006;
Maurer and Peterka, 2005; Peterka, 2000). Howexegdmit that modeling sensory systems

as a time delay might be too simple especially wherinterest is in studying how sensory
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systems work during quiet upright stance. Thuguiare research, a balance control model

with more complex sensor dynamics should be ingattd.
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Chapter 5 Effects of External Loads on Balance Control during
Upright Stance: Experimental Results and Model-bas# Predictions

Abstract

The purpose of this study was to identify the effexf external loads on balance control
during upright stance, and to examine the abilityg aew balance control model to predict these
effects. External loads were applied to 12 youmgglthy participants, and effects on balance
control were characterized by center-of-pressuf@R{Cbased measures. Several loading
conditions were studied, involving combinationdazd mass and height. A balance control
model based on an optimal control strategy was tespdedict COP time series, with an
assumption that a given individual would adoptghme neural optimal control mechanisms
under diverse external loading conditions. Witk éipplication of external loads, COP mean
velocity in the anterior-posterior direction and BMistance in the medial-lateral direction
increased 8.1 and 10.4% respectively. Predicte® @@an velocity and RMS distance in the
anterior-posterior direction also increased witteexal loading, by 11.1 and 2.9%, respectively.
Both measured COP data and model-based predigirongled the same general conclusion,
that application of larger external loads and loadse superior to the whole body center of
mass lead to less effective postural control amblgypes a greater risk of loss of balance or falls.
Thus, it can be concluded that the assumption almmsistency in control mechanisms was
partially supported, and it is the mechanical clesngduced by external loads that primarily
affect balance control.

5.1 Introduction

Falls are one of the most common incidents leattingjuries in daily activities and
occupational settings. Fall-related injuries hanbstantial adverse impacts on functional
ability and life quality. Unintentional falls ofteresult from a ‘loss-of-balance’. An improved
understanding of balance control may thus aid ohesstanding and preventing falls. A number
of factors have been identified as influencing be¢éacontrol, such as aging (Mackey and
Robinovitch, 2006; Thelen et al., 1996; Vandervpod@0?2), localized muscle fatigue (Gribble
and Hertel, 2004; Vuillerme et al., 2006), and dewents in the quality of sensory input
(Cornilleau-Peres et al., 2005).

External loads also appear to affect balance chranol many daily and occupational

activities require load carriage (e.g. military efas, Schiffman et al., 2006). Hence, further
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investigation of how and why balance control i®eféd by external loads is warranted.
Previous studies have suggested that external bxhdssely affect balance control, since such
loads resulted in increased postural sway duringt@uect stance (Chow et al., 2006; Ledin and
Odkvist, 1993; Kincl et al., 2002; Schiffman et &006). Increased postural sway indicates
that the whole-body center-of-mass (COM) gets cltséhe limits of the base of support (BOS)
and thus leads to less stability. Existing studiesxternal loads, however, have been
somewhat narrowly focused on the effects of extdoaa mass on balance control. The
location of any external loads would also seemvegie while this has been investigated with
respect to energy costs (Knapik et al., 1996), rgauaaware of any evidence regarding whether
load location affects balance control.

In addition to experimental studies, balance comradels have been widely used to
facilitate an understanding of underlying balangetml mechanisms. For example, Ishida et
al. (1997) adopted a balance control model to ifletite roles of different sensory systems, and
Maurer and Peterka (2005) applied a model basedRID (proportional, integrative, and
derivative) neural controller to examine the effeat aging on balance control. Validation of
such mathematical models is often challenging. example, some studies (Maurer and
Peterka, 2005; Peterka, 2000) have examined whie#ii@nce control models could accurately
simulate experimental center-of-pressure (COP)dassasures, and Winter et al. (1998)
compared simulated and measured relationships bataxay amplitude and effective stiffness
of balance control.

We recently presented a balance control model baseoh optimal control strategy to
simulate spontaneous sway behaviors, and usethtids! to identify aging effects on balance

control (Qu et al., 2007). Our model was showgénerate reasonable simulations of measures
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derived from COP time series. One can argue tkabager test involves determining whether
this (or related) model can make predictions ofysalaCOP behaviors under novel
circumstances. In the current context, these mistances are different configurations of an
external load during quiet upright stance.

The primary purpose of this study was to determihether, or to what extent, our
optimal control model could predict changes in baéacontrol behaviors under novel conditions.
Such ‘predictive ability’ was assessed using a agennvolving application of external loads
during quiet upright stance. This scenario wasehaince changes in mechanics due to
loading could be estimated in a straightforward near{see Methods). A secondary purpose
was to determine the actual effects of externaldaan balance control, and specifically the
influences of load mass and height, by using tha diatained while participants were loaded.
We hypothesized that increasing mass and/or haighld challenge balance control, based on
expected mechanical effects for an analogous iegtiggéndulum (as is frequently used to model
upright stance). The effects of external load®alance control were identified by COP-based
measures, since the COP reflects the net motora@ignal output necessary to keep the
projection of the center-of-mass (COM) within th@8 (Cavanaugh et al., 2005; Prieto et al.,

1993).

5.2 Methods

5.2.1 Participants and experimental procedures

Twelve participants (five female and seven maledevievolved, with mean (SD) age =
29(6) years, stature = 169.4(11.2) cm, and bodysma&l.9(10.6) kg. None had any current or

recent self-reported injuries, illness, or musckédstal disorders. All participants completed
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an informed consent procedure approved by the Magiech Institutional Review Board.

Each participant performed 15 trials involving queright stance. In each trial,
participants stood barefoot on a force platform (ANDR6-7-1000, Watertown, MA, USA),
with eyes closed and arms at sides, and were resgiligsstand as still as possible. Trials lasted
90 seconds, with at least two minutes of rest betweach. Triaxial ground reaction forces and
moments were sampled at 60Hz, low-pass filteredtéBuorth filter, second order, 5Hz cutoff),
and used to derive COP time series. The initighi2@ last 10 seconds of each time series were
discarded.

Effects of external loads were investigated by palating two aspects of the load,
specifically the mass and height. This was aclidexgng two load packs, placed dorsally and
ventrally (Fig. 5.1). Total load mass was set {o® packs), 10, and 20% of individual body
mass, by inserting small metal cylinders into salvpockets in the packs. These cylinders
were placed symmetrically, to the extent possivleh respect to the frontal and sagittal planes.
Load packs were placed at one of two heights, suatthe COM of the external load was at
height equal to the whole-body COM (= 58.8% ofigtat Robertson et al., 2004), or at 15% of
stature above the whole-body COM. These are exfdrr as ‘low’ and ‘high’ conditions,
respectively. Since the no-load condition was idahfor both heights, there were five
combinations of external load mass and height exadhi After an initial familiarization period,
participants performed three trials in each comtmnawith the order of combinations

randomized to minimize confounding related to l@agreffects.

89



@ ' (b)
Figure 5.1 Participant wearing two load packs (loacheight equal to whole-body COM).

5.2.2 Model description

Our existing balance control model (Qu et al., 200a@s used to predict the effects of
external loads under the conditions described abotrethis model, the human body is
represented as a simple single-segment invertediyhem during quiet upright stance, and the
neural controller was assumed to be an optimalrot@at ~ The optimal neural controller is
defined by optimal feedback gains, which are cal@d by solving the Riccati equation, and
generates ankle control torques by minimizing sateperformance criterion. This
performance criterion was defined by several plasjoantities relevant to sway, including

delayed sway angle and ankle control torque. %é¢wendel parameters, such as the weightings
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of relevant physical quantities, random disturbageia, and sensory delay time, cannot be
specifieda priori. To determine the values of these unspecifiedeinparameters, an
optimization procedure was used with an objectenéd as the scalar error between
experimental and simulated COP-based measures cifi§perms in the scalar error were:
mean distance (MD), root mean square distance (RM&imum distance (MAXD), mean
velocity (MV), mean frequency (MFREQ), 50% powezduency (P50), 95% power frequency
(P95), centroidal frequency (CFREQ), and frequatispersion (FREQD). According to our
earlier simulation results, this model was ablsitoulate COP-based measures, and helped to

identify potential age-related changes in balarac#rol.

5.2.3 Model-based predictions

Model-based predictions involved four sequenti@pst First, several anthropometric
measures were required: moment of inertia of tiytabout the ankld), body massN),
height of whole-body COMhN), mass of the feetrg), height of the anklehf), and
anterior-posterior (A/P) distance between the ankigthe COM of the feetl{). Several
measures were obtained directly from each partitipeor to the experimental trials:M,
stature k) and foot lengthlf). The remaining measures were estimated fromiegiequations

(Chaffin et al., 1999; Der Leva, 1996; Robertsoalet2004) as follows:

| =M xI?x[0.3° + (0.588- 0.039)°];

h=1x (0.588-0.039);

m- =M x0.0137x2(malg or m. =M x0.0129x 2( femals; (5.1)
h. =1x0.039

d: =1 x0.4418male or d. =I. x0.4014 femalg.

Second, unspecified parameters in the model weegrdmed. Using procedures

described in Qu, et al. (2007), COP-based measum@sthe no-load trials were used to
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determine these parameters for each participant.
Third, prior to using the model to predict the effeof external loads, anthropometric

descriptors in the model were adjusted to accaumthke loads, using:

M =M +AM
|'=1+AM x(h+Ah)? (5.2)
h = M xh+AM x(h+Ah)

M +AM

whereM, I, andh are the adjusted valuesl is the external load mass, atdis the external
load height relative to whole-body COM. In the dions with an external load, the five
weights defined in the neural optimal controllergdahe sensory time delay, were held at the
values determined from the no-load trials. ThisWwased on an assumption that a given
individual would adopt the same neural optimal caninechanisms under diverse external
loading conditions. In contrast, changes involvimg application of external loads should
affect external random disturbances, and we adjubtrandom disturbance gain so that the
ratio between the random disturbance gain and negéak (body+external loads) was held
constant.

Fourth, the now fully-specified model was useditoutate sway behaviors under the
four loaded conditions (see Qu et al., 2007 foescdption of such simulation). Three sway
trials with different initial random disturbanceesks were simulated for each loaded condition
and each simulation trial was 90 seconds in durdtratial 20 and last 10 seconds removed).
From the simulated COP time series, several measweee derived as described below. Note
that the model employed is two-dimensional (salgii@ne), hence predicted COP measures are

A/P only.
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5.2.4 Dependent measures

Prieto et al. (1996) systematically presented @s€OP-based measures, which in
general can be classified into two groups: timexdim and frequency-domain. A number of
measures in both groups have been used in inveshgaf balance control (McClenaghan et al.,
1996; Corbeil et al., 2003). However, these messdo not account for dynamic
characteristics of COP time series (Norris et28(Q5), for which measures derived from
statistical mechanics have been proposed (ColidseLuca, 1993; Delignieres et al., 2003;
Duarte and Zatsiorsky, 2000). According to thessification of COP-based measures
mentioned above, several measures were derivedthreraxperimental and simulated COP time
series, and used as dependent measures to chaethereffects of external loads on balance
control. Most time-domain measures, including R, and MAXD, appear to be highly
correlated (Prieto et al., 1996). Among time-damraeasures, MV has been found to be the
most reliable (Lin et al., 2006). Thus, among tidoenain measures, we chose RMS and MV
for analysis. The selected frequency domain measuere CFREQ and FREQD, with
CFREQ reflecting central frequency tendency and @REhe variability in frequency content.
Among potential statistical mechanics approaches,oonsidering the trajectory of the COP as
fractional Brownian motion (fBm) appears most raletvand has been widely used when
analyzing upright postural control (Genthon and gtey 2006; Meyer et al., 2004; Riley et al.,
1998; Rougier, 1999a, 1999b). Thus, four statisticechanics measures (Rougier, 1999a)
derived from the fBm model were chosen (TT: traositime; TA: transition amplitude; 41
short-term scaling exponenti Hong-term scaling exponent). Note that both Tid @A were
defined by the transition point in the fBm modeDescriptions and units of dependent measures

are given in Table 1.
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Table 5.1 Glossary of COP-based dependent measures

Acronym Description Unit
RMS Root mean square distance mm
MV Mean velocity mm/s
CFREQ Centroidal frequency Hz
FREQD Frequency dispersion -
TT Transition time S

TA Transition amplitude mf
Hs Short-term scaling exponent-

H. Long-term scaling exponent --
5.2.5 Analysis

In order to compare sway behaviors across indivg@OP-based measures from the
loaded conditions were normalized by the correspandverage measures in the no-load
condition. External load mass and load heightheadwo levels, served as the two
independent variables in subsequent analyses. wWayoanalysis of variance (ANOVA) was
performed to identify the effects of load mass hadjht on the normalized experimental
COP-based measures. To compare loaded vs. unlcadddions, the normalized
experimental COP-based measures under loaded iomsditere compared with a value of unity
using t-tests. The same statistical analyses aleceperformed for the model-predicted
COP-based measures. Significant effects were sdadlwhen p < 0.05. Model-based
prediction and experimental results were compateditatively, based on trends in COP-based
measures versus external loads. A(RaKd medial-lateral (M/L) Hdata from one participant
were removed from these analyses, as they were timamne?.5 times the interquartile range away

from the upper or lower quartile of the data, amastconsidered outliers (McGill et al., 1978).

5.3 Results

Application of external loads led to significantaciges in several COP-based measures

(Table 5.3). Specifically, there were significamtreases in A/P MV, A/P TA, M/L RMS, M/L

94



TT, and M/L TA, and a significant decrease in M/, it both levels of external load mass.
Several measures significantly decreased onlyeahifher load mass: A/P FREQD, M/L
CFREQ, and M/L H.  When external load mass changed from 10% to @0B6dy mass,
significant changes occurred in A/P MV, A/P TA, MFREQD, and M/L TA. In addition to
these significant effects, there were two trengsaggnt, including an increase in A/P RMS at the
higher load mas$€0.074), and a decrease in A/P FREQD at the looat massp=0.069).

Three A/P measures and one M/L measure were signtfy affected by external load
height (Table 5.3). Specifically, A/P RMS and MVIV became significantly larger, and A/P
CFREQ and A/P klbecame significantly smaller when the externadl la@as raised above the

COM. There were also two apparent trends in A/RPED.077) and M/L RMS{=0.089),

both of which increased at the higher load levé\.significant massheight interaction effect

was found only for M/L MV. When external load massanged from 10% to 20% of body
mass, M/L MV decreased at the lower load leveln(fi@974 to 0.952), but increased at the

higher load level (from 0.992 to 1.068).

Table 5.2 COP-based measures means (SD) under theload condition

RMS MV CFREQ FREQD TT TA ki H.

. AP 5.31(2.26) 7.64(2.29) 0.468(0.116) 0.890(0.068)651(0.244) 14.3(7.0) 0.788(0.036) 0.156(0.101)
Experimental

M/L 5.21(2.07) 9.30(3.00) 0.512(0.139) 0.842(0.06%).638(0.407) 24.0(3.1) 0.785(0.065) 0.117(0.108)

Predicted AP 4.56(1.77) 7.46(2.18) 0.498(0.086)918(0.041) 0.766(0.166) 13.3(7.7) 0.746(0.034) &AH93)
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Table 5.3 Normalized experimental COP-based measuraeans (SD)

External  External : p-value
_ _ Low High

loads = loads = external  external 10% 10% vs 20% vs Low

10% body - 20% body load level load level 0% 0% vs

mass mass 20% high
RMS  1.03(0.28) 1.05(0.30)0.98(0.24) 1.10(0.32) 0.65 0.19  0.074 0.013
MV  1.05(0.14) 1.11(0.14)1.07(0.15) 1.09(0.13) 0.009 0.001 <0.001 0.49
CFREQ 0.97(0.29) 1.02(0.32)1.05(0.32) 0.94(0.27) 0.26  0.16 0.27  0.040
ap FREQD 0.99(0.08) 0.98(0.09)0.98(0.09) 0.99(0.08) 0.63  0.069 0.022 0.39
TT 1.05(0.32) 1.04(0.30)1.00(0.29) 1.09(0.33) 0.92  0.11 0.12  0.077
TA 1.21(0.46) 1.41(0.61)1.24(0.54) 1.38(0.54) 0.031 <0.001 <0.001 0.11
Hs  1.00(0.05) 1.01(0.05)1.01(0.05) 0.99(0.04) 0.37  0.48 0.11  0.008
H. 1.05(0.62) 1.02(0.61)1.01(0.59) 1.05(0.64) 0.59  0.28 0.42  0.50
RMS  1.09(0.27) 1.12(0.26)1.07(0.21) 1.14(0.31) 0.43 0.005 <0.001 0.089
MV 0.98(0.15) 1.01(0.16)0.96(0.13) 1.03(0.17) 0.27  0.16 0.29 0.007
CFREQ 0.97(0.24) 0.91(0.24)0.93(0.26) 0.94(0.23) 0.13  0.14 <0.001 0.73
v FREQD 1.03(0.07) 1.00(0.08)1.01(0.06) 1.02(0.08) 0.040 <0.001 0.39 0.60
TT 1.19(0.81) 1.28(0.72)1.24(0.81) 1.22(0.72) 0.48 0.026 <0.001 0.87
TA 1.14(0.70) 1.44(0.86)1.20(0.74) 1.38(0.85) 0.028 0.043 <0.001 0.17
Hs  0.980(0.08) 0.98(0.08) 0.99(0.08) 0.98(0.08) 0.77 0.013 0.031 0.40
H. 1.02(0.81) 0.82(0.88)0.84(0.75) 1.00(0.93) 0.17  0.42  0.048 0.30

* indicates p-value<0.05

Except for A/P Hl, all remaining predicted measures were signifigaaffected by both

levels of external load mass (Table 5.4).

A/P RW®, MV, A/P TT and A/P TA increased,

while A/P CFREQ, A/P FREQD, and A/Rstdecreased, with the application of external loads.

A significant increase in A/P Hvas also found with the higher load mass.

Nonhef

predicted measures was significantly affected greal load height (Table 5.4), however

changes in A/IP RM$€0.053) and A/P CFRE€0.058) approached significance.

were no significant masg height interaction effects on any predicted measure

There
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Table 5.4 Normalized predicted COP-based measure @es (SD)

External External _ p-value
— _ Low High 5
1:;)03(150& 252(1508 external external l\(/)SA) 10% vs 20% vs Low
° y y load level load level

(o) 0,
mass mass 20% 0% 0% high

RMS  1.09(0.14) 1.13(0.19) 1.08(0.14) 1.14(0.19) 0.21 <0.001 <0.001 0.053
MV  1.02(0.04) 1.03(0.05) 1.03(0.05) 1.02(0.05) 0.15 <0.001 <0.001 0.27
CFREQ 0.87(0.19) 0.86(0.20) 0.89(0.19) 0.83(0.19) 0.73 <0.001 <0.001 0.058
FREQD 0.99(0.04) 0.99(0.03) 0.98(0.04) 0.99(0.04) 0.86 0.002 <0.001 0.47
TT  1.31(0.40) 1.42(0.69) 1.36(0.54) 1.36(0.59) 0.24 <0.001 <0.001 0.94
TA  1.37(0.55) 1.60(0.97) 1.47(0.87) 1.50(0.71) 0.086 <0.001 <0.001 0.83
Hs  0.97(0.06) 0.97(0.06) 0.96(0.06) 0.97(0.06) 0.91 <0.001 <0.001 0.68
H.  1.13(0.71) 1.24(0.84) 1.09(0.86) 1.29(0.67) 0.40 0.058 0.008 0.12

AP

* indicates p-value<0.05

Trends in the measured and predicted dependenunmesagersus external loads are
illustrated in Figure 5.2. Most of the simulateehids were consistent with experimental
findings. However, qualitative discrepancies b&mexperimental and simulation results were
found in the effects of load mass for A/P CFREQ@ AT, and A/P I, and in the effects of load

height for A/P MV, A/P TT, and A/P &
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Figure 5.2 (a) Average trends in experimental andimulated A/P COP-based measures
versus external load mass. (b) Average trends in perimental and simulated A/P
COP-based measures versus external load height.

5.4 Discussion

One purpose of this study was to identify whethaahce control (as assessed indirectly
using COP) was influenced by different externatling conditions. With the application of

external loads, A/P MV and M/L RMS both increas&dhle 5.3 and Fig. 5.2 (a)). These
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findings are consistent with previous studies (Rafli@ et al., 2003; Schiffman et al., 2006), in
which time-domain measures were shown to incredmmwarrying external loads. The
present results also showed that RMS and MV, ih ba¢ A/P and M/L directions, tended to
increase at the higher load level (Table 5.3 agd %2 (b)). Since the COP is always in phase
with the COM (Cavanaugh et al., 2005; Prieto etl#193), increases in these time-domain
measures indicate that the COM more closely appexhthe boundary of the BOS with
increasing load mass or load height. Thus, itmamferred that there is a greater likelihood of
fall-related incidents with heavier or higher exi@rloads. Our initial hypothesis was also
confirmed, that increasing mass and/or height wehkllenge balance control.

A/P CFREQ decreased when the load was moved aheve®M, whereas M/L CFREQ
decreased at the higher level of external load rfeags 20% of body mass). A decrease in
CFREQ indicates an increase in amplitude of lowegudency components. A/P and M/L
stabilities are primarily maintained through musewddjustments at the ankle and at the hip,
respectively (Winter et al., 1996). Thus, changdsequency content of ankle control forces
and hip control forces may have led to the obsecheahges in A/P CFREQ and M/L CFREQ),
respectively. Another explanation for the changes/P CFREQ and M/L CFREQ is that
increased load mass and load height increase theemtaf inertia of the body which results in
the decrease in the natural frequency of the botty.addition, it can be surmised that variability
in the frequency content of ankle control forcesrdased when external load mass increased
since there was an inverse relationship found batweéP FREQD and load mass.

Analysis of COP time series using an fBm model aévévo types of behavior (Rougier,
1999a). Specifically, over short term intervalasiand future displacements are positively

correlated (persistent behavior angbB.5), while over long term intervals, these displaents
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are negatively correlated (anti-persistent behaamat H<0.5). In general, largerdndicates
more persistent postural control, whereas largecdiresponds to less anti-persistent behaviors
(Norris et al., 2005). The intersection of thersfterm and long-term regions is the transition
point whose coordinate is [TT, TA]. Hence, TT icaties the duration of persistent behaviors,
while TAis the measure used to quantify the aragbtof sway movement over short term
intervals.

As external load mass increased (i.e. from 0 -20%0dy mass), both A/P TA and M/L
TAincreased. Hence, sway movement in either tiReok M/L directions led to postures
further from upright equilibrium, suggesting anrease in short-term instability. External
loads also led to more persistent behaviors ovenger duration in the M/L direction, as
indicated by increases in M/Lddnd M/L TT in the loaded conditions, respectivelfRersistent
sway behaviors cause movements away from uprighlilegum (Collins and DelLuca, 1993).
Thus, it might be further concluded that M/L balamontrol deteriorated over short-term
intervals with the application of external loads.

In contrast, M/L H decreased at the higher load mass, indicating anttrepersistent
behaviors. In other words, in the presence ofraatdoading M/L sway movement was more
likely to return to upright equilibrium, and to ks random over long-term intervals. Thus,
M/L balance control might be improved over longiéntervals with heavier external loads. A
possible explanation for these findings is thagradixperiencing decreased stability over short
term intervals, humans may have the ability to sidjlneir balance control so as to improve
stability over long term intervals. Thus, it camtypothesized that the changes of M{L H
represent an adaptation of the postural contraksys$o the decreased stability imposed by

applied external loads.
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Increasing external load height caused A/P postwvaly to be less persistent or more
random in the short-term (i.e. a decrease in AP HContrasting this, A/P TT exhibited an
increasing trend with external load height, sugggghat A/P persistent behaviors occurred over
a longer duration. Given these contrasting regsitlts unclear how A/P balance control was
affected by load height over short-term intervaidite basis of these statistical mechanics
measures.

It is important to note that a quantitative cor@sgence between measured and predicted
outcomes was not expected in this study, mainlytdueo factors. First, intra-individual
differences in performance exist, and only thresdsmwere conducted by each participant under a
specific loading condition. Second, our model $@we limitations that might induce errors.
For example, the body was described simply asglessegment inverted pendulum and only a
limited set of physical quantities relevant to swasre considered in the model of optimal neural
control. Thus, when evaluating the model perforceamve sought only to determine whether
the model could qualitatively reflect the obseruehds in the COP-based measures as external
loading conditions changed, and such trends warsidered sufficient to reflect how the
postural control strategies are adjusted accordirifferent external loads. At the same time,
even though the neural controller was assumed tmbaptimal controller, the predicted postural
sway should change with diverse loading conditginse external loads affect human body
dynamics in the postural control system (Qu et28lQ7).

The model duplicated most of the significant efeaft external load mass (and apparent
trends) on the observed A/P COP-based measuresghtimore predicted measures were found
to be significantly affected (see Table 5.3 andd&4). In general, the predicted results

indicated that heavier external loads challengéanza control, with A/P RMS, A/P MV, A/IP TT
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and A/P TA all predicted to increase with the aqgtiion of external loads. In addition, when
external load height increased, an increase iniggeetlA/P RMS §p=0.053) and a decrease in
predicted A/P CFREQE0.058) were evident as trends, and these trends soasistent with
experimental findings. Since the predicted A/P RiMSeased with an increase in external load
height, we might predict that increasing height ldathallenge balance control as well as load
mass. Similar to the measured data, the predietadts generally supported the initial
hypothesis regarding the effects of external loadsrand height. In other words, if the
measured data were unavailable, model-based predigbuld lead to the same general
conclusion as did the empirical data. At the séime, as noted earlier, given the average
trends in the dependent measures versus exteat (&ig. 5.2), our simulation results also
matched most of the experimental findings. Hertaajght be concluded that although some
discrepancies existed between the experimentapeaatticted results, our model was still able to
provide some useful information on how balance mdntas affected by external loads.

Some limitations in this study should be noted.rsti-iearning effects may have been
present. However, since practice was providedrbafata collection, and the order of the
different loading conditions randomly presente@stheffects are thought unlikely to have
substantially influenced the experimental finding&econd, the sample size (N=12) may have
been insufficient to detect effects of externatiog on some measures. Third, males and
females are different in many aspects, for exantp&r anthropometric estimates (Eq. 1) are
different. Hence, the application of external lpaday lead to different responses between
genders. Future work is warranted to determiseich differences are important. Fourth,
some anthropometric measures and the body COM egtireated, and thereby served as a

source of errors in the model-based prediction.chSarors should not be critical, though, since
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effects of external loading were determined witbitjects.

Perhaps a more critical limitation is that we do Imave direct evidence to support the
two primary assumptions we made in this study. cBipally, the first assumption was that the
same neural optimal control mechanisms would be@egd under diverse conditions of
external loading, based on which the model parasetfined in the neural optimal controller
were held at the values determined from the no-toats. The second was that external loads
adversely affected the accuracy of control sigreaisl, we implemented this by linearly
increasing the random disturbance gain. Duringehsiinulations, only mechanical changes
with external loads were taken into account. DRuthé existence of discrepancies between the
experimental and predicted results, these assungptvere not strongly supported. However,
the predicted results did confirm the hypothesad thcreasing mass and/or height would
challenge balance control, and were consistent twglexperimental findings. Hence, while
there may be changes in neural optimal control rmeisims, and random disturbance gain may
not change linearly with external loads, it is thechanical changes induced by external loads
that appear to primarily affect balance control.

Since a loss-of-balance often leads to unintentifatis, investigating effects on balance
control caused by external loads may aid in beitelerstanding and preventing fall-related
injuries, especially for those occupational andydactivities involving load carriage. Results
presented in this study were used to explain hdanica control was adjusted according to the
application of external loads and can provide ashias developing intervention strategies for
the improvement of balance. In addition, this gtothy also be used to investigate obesity

effects on balance control.
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Chapter 6 An Investigation of Balance Control Mechanisms dumg
Quiet Upright Stance using Alternative Balance Conbl Model
Structures

Abstract

Four two-dimensional balance control model struesuwere developed, based on
alternative contemporary balance control theorieSpecifically, the four models were derived
from two assumptions regarding noise sources itupalscontrol (i.e. afferent (sensory) vs.
efferent (joint torque) noise) and whether or naégve control torques (stiffness and damping)
were included. Model parameters were specifiedguskperimental center-of-pressure (COP)
data obtained during upright stance, and compagiiten made between simulated and actual
COP-based measures. COP was simulated more adgursing models which assumed joint
torque as the primary source of sway behaviorsmufited active control torques were
typically over seven times larger than passiveugfmosome exceptions were found. These
results suggest that sensory noise plays a reljatweall role in driving body sway, and that
active control torque is dominant in maintainingigpt balance.

6.1 Introduction

Quiet upright stance is not perfectly quiet, giviea existence of internal perturbations
such as heart rate and muscle tremor (van der kbaij, 1999). Internal perturbations can be
considered as noise in the postural control sysaéemh,internal control must be generated by the
neural controller to counteract such noise androbopright posture. Different sources of
noise in postural control have been assumed aadapted in the development of balance
control models. Some studies have modeled thiseras existing in the efferent pathways,
typically as random disturbance torques actingoamt$ (Maurer and Peterka, 2005; Peterka,
2000; Masani et al., 2006), whereas some othems imaNcated that such noise exists in the
afferent pathways, specifically at sensory org&is{ed and Ashton-Miller, 2005; van der
Kooij et al., 2001).

The relative roles or importance of active and passontrol torques in the control of

upright posture has also been an object of disonssid controversy. Active control torques
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are generated by active muscle contraction regllayehe neural controller. In contrast,
passive control torques are considered to stem fintnmsic tissue mechanical properties (i.e.
stiffness or viscosity). Some authors have argbhatupright posture is primarily controlled by
active control torques (Morasso et al., 1999; Loeard Lakie, 2002; Lakie et al., 2003).
However, Winter et al. (1998, 2001, and 2003) aadeé=et al. (2004) suggested that passive
control torques must play an important role in ha&acontrol.

According to different balance control theories tn@red above, four different
two-dimensional balance control model structurespmesented in this chapter. These balance
control models are all based on an optimal corstiraitegy, and model development and
implementation followed the description providedliea (Chapter 4). The objectives of this
study were to evaluate the performance of thederdift model structures, and to determine
which structure could best simulate spontaneouy.swlesults were also used to make
inferences regarding balance control mechanisnesifsgally the degree to which afferent vs.
efferent noise are involved in generating swayahdther or not passive control plays an

important role in the control of upright posture.

6.2 Methods

In the balance control models presented here,gbeahcontroller is assumed to be an
optimal controller that can minimize a certain pemfiance index defined by physical quantities
relevant to sway. Human body dynamics are repteddry a single-segment inverted
pendulum model, and sensory systems are assunhedatale to provide accurate body
orientation information to the neural controllett th a certain time delay. Experimental data
are needed to specify model parameters, such asryestelay time, and this specification is

accomplished using an optimization procedure whibbpted heuristic search approaches.
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Several anthropometric measures were required whieg these models, details on which were
given in section 5.2.3. These model structurdemitl in either the sources of noise in postural
control or active/passive control patterns. Castfions in the optimization procedure, 95%
confidence intervals of normalized simulated triad@l center-of-pressure (COP) based
measures, and a scalar error between simulatedxgeaimental statistical mechanics
COP-based measures were compared across modélistsuto evaluate their simulation

performances.

6.2.1 Alternative model structures

Four alternative model structures were developg@panbinations of source of noise in
postural control and active/passive control pat(€rg 6.1). In the figure, TN, SN, NP and PA
indicated joint torque noise, sensory noise, ngipascontrol, and passive control, respectively.
Only one noise source (either joint torque noissemrsory noise) was chosen in each model
structure, and the noise was modeled as white noiSpecifically, the TN-NP model structure
and TN-PA model structure adopted joint torque @omhereas the SN-NP model structure and
SN-PA model structure used sensory noise to dimag/snotions. In addition, the TN-NP
model structure and SN-NP model structure did aké the passive control torque into account.
However, both passive stiffness and passive dangommgponents were included in the TN-PA
model structure and SN-PA model structure. No&t tiie TN-NP structure is identical to that

used initially (Chapter 4).
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Figure 6.1 Alternative model structures. (1) TN-NPmodel structure; (2) SN-NP model
structure; (3) SN-PA model structure; (4) SN-PA moel structure. NP = no passive

m]
control. 8 = sway angular displacement; 8 = delayed sway angular displacement =
ankle torque; T = active control torque generated by the neural cdnoller; Barger = target
sway angle;tq = sensory delay time; lk = passive stiffness parameter; B= passive
damping parameter; Tp = passive control torque.

6.2.2 Controlled state equations for different modestructures

The controlled state equations for the TN-NP matieicture and SN-NP model structure
were given in the preliminary study (see Eq. 4.8)nlike the situation in the TN-NP model
structure and SN-NP model structure, passive cbiargues are included in the TN-PA model
structure and SN-PA model structure. Thereforstabilize the postural control system,
intrinsic passive mechanical properties need ttaken into account by the neural controller as
well as those of body dynamics and sensory systems.

SinceT =T+Tp, the transfer function that can account for baitiypdynamics and
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intrinsic passive mechanical properties is given by

6(s) _ 1
T(s) Is®+B,,s~ (K~ Mgh)

(6.1)
Derived from Egs. 4.5 and 6.1, the transfer fumcfrom the torque generated by the
neural controller to delayed sway angular displas@ns:

~ 1 2 2_
6(s) _ Erds rys+1

5 (6.2)
T(s) Is” + B, s~ (K~ Mgh)
Using the differentiation operator to replace tlaplace §, we then obtain:
2 Mgh-K __ . B_.x X .
o(t) = 9 I P2 o(t) - I"as o(t) +I—1T(t) —TI—"T(t) +%T§T(t) (6.3)

Thus, the state equations accounting for intripsissive mechanical properties as well as

the properties of body dynamics and sensory sys&eenas follows:

X(t) = Ax(t) + Bu(t) (6.4)
0 1 0 O 0 ot
Mgh-K,. B 1 -7, 2 A()
whereA = I I I | |, B=]| 2l [, the state isx(t) = o) , and the
0 0 0 1 0 T(t)
0 0O 0 O 1 T(t)

control signal is,u(t) =T (t) .

6.2.3 Optimal control processor and optimization pocedure

As noted in section 4.2.2, the optimal control pssor (see Fig. 6.1) is determined by an
infinite-time linear quadratic regulator, which rimmzes a performance index defined by several
physical quantities relevant to sway. This perfance index is the same as was used in the
original model (Eg. 4.10). Optimal feedback gaias be obtained according to the state

equations of the controlled part (Eq. 4.8 or E4) &nd weighting matrices (Eq. 4.11) and used
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to define the optimal control processor (see Fig.(8)). Some model parameters, including
weightings of relevant physical quantities, gaihaase in postural control, and sensory delay
times, cannot be specified before model simulatiofhus, an optimization procedure was
performed to determine the values of these ungpdaiiodel parameters (please refer to section

4.2.3). The cost function of this optimization pedure was given by:

[}
N COPM, - COPM,
E—}]

O
= COPM

)° (6.5)

O
where N=9 is the number of COP-based measu@@PM, and COPM. are tha"

COP-based measure from the simulation resultsrand the experimental results, respectively
(The COP-based measures used to define the caditdinnvere given in section 4.2.3).

Because a genetic algorithm (GA) is good at seagctiifferent parts of the feasible region to
find which part contains the global optimum, anitsi simulated annealing (SA) has better
performance at finding the local optimum, a GA &#dalgorithm were implemented together to
determine model parameters (Hillier and Liebern2095). Specifically, a GA was first used
to find the region that might include the globatiopum, and then SA was used to search that
region for the local optimum. In the GA, the numbE&chromosomes in a generation was set at
120; the crossover rate and mutation rate werat€e80~0.90 and 0.05~0.10, respectively,
according to the generation number; and the maximumber of generation was set at 70. In
the SA, the temperature was initialized at 30%hefinitial cost function; the cooling rate was
set at 0.80; the number of iterations between teatpes changes was set at 20; and maximum
number of iterations was set 100. These values determined from trial and error. Note
that since both the GA and SA were heuristic apgres, the solution obtained from the

optimization procedure can not be expected to beadlly optimal.
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6.2.4 Participants and experimental procedures

Experimental data were required to specify modedpaters, and were obtained from a
prior experiment. Sixteen young participants (emhles and eight females) without injuries,
illness, and musculoskeletal disorders were inadudéhe study (age: 21+1.7 years; height:
171.4+7.0cm; weight: 66.4+11.3kg). Trials congisté brief periods of quiet upright stance.
During these, the participants stood barefoot toree platform (AMTI OR6-7-1000,

Watertown, Massachusetts, USA) as still as possifitetheir eyes closed. To ensure the same
feet placement across trials, the feet were ouwtlove poster board placed on top of the force
platform. Each trial was 75 seconds in duratiow e initial 10 seconds and last five seconds
were removed. Three trials from each participastenperformed, with at least one minute of
rest between each. Triaxial ground reaction foem@smoments were sampled at 100Hz, and
subsequently low-pass filtered (5Hz cut-off). Tééxrces and moments were used to derive
center of pressure (COP) time series, which arenconly used to characterize sway behaviors

(Baratto et al., 2002; Peterka, 2000; Prieto etl&8196).

6.2.5 COP-based measures

The set of measures used to define the cost fun(fiqn 6.7) are traditional measures.
During model simulation, values of these traditiom@asures must be specified in advance,
from experimental data, in order to calculate tbst dunction. Traditional measures are all
summary statistics and cannot account for inhedgnamics characteristics of COP time series
(Norris et al., 2005). In order to compensatetiiss limitation of traditional measures, several
measures derived from statistical mechanics appesalcave been proposed (e.g. Collins and

Deluca, 1993; Delignieres et al., 2003; Duarte Aaidiorsky, 2000). These approaches are all
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based on the stabilogram diffusion analysis (SDéJatbped by Collins and DelLuca (1993).

Among the statistical mechanics approaches, onsidemng the trajectory of the COP as
fractional Brownian motion (fBm) appears most raletvand has been widely used when
analyzing upright postural control (Genthon and gteyy 2006; Meyer et al., 2004; Riley et al.,
1998; Rougier, 1999a; Rougier, 1999b). Descriggtiohthe fBm model were given in Chapter
5. Briefly, four statistical mechanics measures: ({fansition time; TA: transition amplitude;
Hs: short-term scaling exponenti Hong-term scaling exponent) derived from the fBradel

were chosen for analysis. Descriptions and uti€@@P-based measures are given in Table

6.1.

Table 6.1 Glossary of COP-based dependent measures
Acronym Description Unit
MD Mean distance

RMS Root mean square distance ~ mm
MAXD Maximum distance mm
MV Mean velocity mm/s
MFREQ Mean frequency Hz
P50 50% power frequency Hz
CFREQ Centroidal frequency Hz
P95 95% power frequency Hz
FREQD  Frequency dispersion --
TT Transition time S

TA Transition amplitude mm
Hs Short-term scaling exponent -

H, Long-term scaling exponent  --

6.2.6 Model simulation and Analysis

The proposed model structures were separatelytosgchulate selected experimental
trials of quiet upright stance following the flowsistrated in Fig. 4.3. Each simulation trial
was 75 second in duration with the initial 10 setsoand last five seconds removed. Separate
comparisons of traditional COP-based measures mvade between experimental data and

simulated values generated by each model structure.account for individual variability,
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simulated measures were normalized by their cooretipg experimental measures (i.e. a
perfect prediction would yield a value of unity)Subsequently, 95% confidence intervals of the
normalized measures were determined, and usedhtoate the simulated data yielded from
each model structure. These confidence intervaleguivalent to two-tailed t-tests with
0=0.05.

Values of the cost function (Eq. 6.5) obtained freach of the different model structures
were compared to evaluate the ability of diffeneratdel structures to simulate traditional
COP-based measures. These comparisons were daisaya repeated measure one-way
ANOVA. Post-hoc pairwise comparisons were condiictging Tukey's honestly significant
difference (HSD) criterion.

To evaluate predictions yielded by the differentdelcstructures, scalar errors between
predicted statistical mechanics measures andebeaiesponding experimental measures were

calculated. The definition of the scalar errogisgen by:

mpre - rT'ref
m

e= (6.6)

ref

where m . is a predicted statistical mechanics measure fven simulation trial, andm,,

is the corresponding experimental measure. Thed iddue for this scalar error is zero, since in
that case the model duplicated the statistical mwg@ics measures exactly. Thus, a smaller
scalar error indicates better prediction perforneamica given model. Separate comparison of
scalar errors across different model structurespeaf®rmed for each statistical mechanics
measures using one-way ANOVA and post-hoc pairaaseparisons (Tukey's HSD). In this
approach, the models are being evaluated usingfuadtally different COP-based measures

than those that were used in specifying the madeldetermining model parameters). This
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approach was considered a more rigorous test dhiliégy of the models to simulate behaviors.

6.3 Results

All 95% confidence intervals of traditional measuresulting from the TN-NP, TN-PA,
and SN-NP model structures included unity (Figagl2 and c), indicating that there were no
significant differences between the simulated argedmental measures. In contrast, the
SN-PA model structure was only able to predict altan P95 since the confidence interval of
P95 from this model structure was completely betbe dotted line representing unity (Fig.
6.2d). The means of these normalized measurestfiermN-NP and TN-PA model structures
were typically closer to ideal value of unity thémose from the SN-NP and SN-PA model

structures.
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Mormalized Simulated Traditional Measures
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Figure 6.2 Mean and 95% confidence intervals of theormalized simulated traditional
measures resulting from different model structures;TN/SN = Torque / Sensory Noise:
NP/PA = no passive / passive control included. Casponding experimental references
used for normalization are given in Table 6.3.

Table 6.2 Experimental traditional COP-based measues

Measures MD RMS MAXD MV MFREQ P50 CFREQ P95 FREQD
Mean 4.71 585 30.94 8.700.322 0.094 0.719 0.558 0.913
SD 1.84 2.23 9.95 2.470.114 0.064 0.278 0.178 0.051

There was significant main effect of model struetuon the cost function (F(3,173)
=27.45, p<0.0001). Post-hoc comparison indicatedt tthe cost functions obtained by

simulating the TN-NP model structure (Mean (SD).44Q (0.159)) or TN-PA model structure
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(Mean (SD) = 0.478 (0.152)) were significantly slmathan those that resulted from simulating

the SN-NP model structure (Mean (SD) = 0.572 (O))L4d SN-PA model structure (Mean (SD)

= 0.616 (0.107)). On average, the TN-NP modelctiine generated a smaller cost function

than did the TN-PA model structure (0.441 vs. 0)41B8t the difference between them was not

significant (p =0.423).
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Figure 6.3 (a) Scalar errors of transition time (TT); (b) Scalar errors of transition
amplitude (TA); (c) Scalar errors of short term scding exponent (Hs); (d) Scaling errors of
long term scaling exponent (). Error bars indicate one standard error.
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Fig. 6.3 shows the distributions of the scalar rsriwetween predicted and experimental
statistical mechanics measures. Significant mi@ces of model structures were found on the
scalar errors of TT (F(3,173) = 33.06, p<0.01),(F{3, 173) = 6.08, p<0.01),HF(3, 173) =
20.73, p<0.01), and HF(3,173) = 6.06, p<0.01). Post-hoc analysis iat#id that the TN-NP
and TN-PA model structures provided significanttyatler scalar errors of TT, TA, andslhan
did the SN-NP model structure and SN-PA model stires, and scalar errors of ffom the
SN-PA model structure was significantly larger thlaose from the TN-NP and SN-NP model
structures.

In the TN-PA and SN-PA model structures, passiv@ jorque generated by passive
tissues was considered. Ratios between the pamsivactive joint torques are shown in Fig.
6.4 by using box plots. On average, these ratereW.034 and 0.056 for the TN-PA model
structure and SN-PA model structure, respectivelisregarding outliers, the maximum ratio

was 0.090 for the TN-PA model structure, and 0. fobs%he SN-PA model structure.

025t +
0zt +
+
015} T
+
+ |
01k |
|
|
0.05F |
ot — 1
1
TN-PA, SIPA

Figure 6.4 Box plots of ratios between the passiwnd active joint control torques.
Horizontal lines in the box represent lower quartie, median, and upper quartile of the data,
respectively. Whiskers indicate 1.5 times of inteuartile range (Velleman and Hoaglin,
1981). The ‘+’ symbols indicate outliers that arddeyond the whiskers.
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6.4 Discussion

According to different balance control theoriegyrfbalance control model structures
were developed and evaluated in this study. Thes#el structures differed in either the source
of noise in postural control or active/passive colpatterns. Mathematical models can be
used to examine controversial theories, such asethtive roles of noise and passive control
here. Thus, by evaluating the performances oéufit balance control model structures, we
are able to examine the validity of various balacwetrol theories. Performances of these
model structures were evaluated in terms of tHalityto accurately simulate COP-based
measures.

When analyzing the 95% confidence intervals ofrtbemalized traditional measures (Fig.
6.2), we found that all the confidence intervalsutgng from the TN-NP and TN-PA model
structures included unity. This finding indicatbat any simulated traditional measure from
both model structures was not significantly diffgr&om its corresponding experimental
measure. However, the confidence interval of PO&fthe SN-PA model structure was
completely below the dotted line representing u(fig. 6.2), indicating that this model
structure could only provide a smaller simulated Bfan the actual one. Simulated traditional
measures from the TN-NP and TN-PA model structales appeared to be more reasonable,
since the means of normalized measures from thena tygically closer to ideal value of unity
than those from the rest model structures.

In addition, simulation performance was evaluatgdhie values of the cost function in
the optimization procedure. The objective of tpérization procedure was to minimize the
cost function so that the simulated traditional sugas could best duplicate their corresponding

experimental measures. Hence, a smaller costifumicidicates better model performance.
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The cost functions resulting from the TN-NP and PAlmodel structures were found to be
significantly smaller than those from the SN-NP &MiPA model structures, indicating that the
TN-NP and TN-PA model structures could simulatéitranal measures more accurately. Thus,
from the perspective of simulating traditional meas, the TN-NP model structure and TN-PA
model structure performed better than did the SNaitidel structure and SN-PA model
structure.

When evaluating the performances of different matieictures in predicting statistical
mechanics measures, we found that the scalar eftnese measures (defined by Eg. 6.6) from
the TN-NP and TN-PA model structures were typicattyaller than those from the SN-NP and
SN-PA model structures (Fig. 6.3). This findingizates that the predicted statistical
mechanics measures from the TN-NP and TN-PA maddsttsires could better account for their
experimental references. Thus, it might be furtmrcluded that the TN-NP and TN-PA model
structures could simulate postural sway more atelyréhan did SN-NP and SN-PA model
structures. Note that experimental values of thgssical mechanics measures were only used
after model specification and simulation, so therage scalar errors of TT and TA from the
TN-NP and TN-PA model structures were even cloaaity which did not indicate a very good
prediction.

The common feature of the TN-NP and TN-PA modeiditres is that noise in postural
control was modeled as a random disturbance taaqtireg on the ankle joint. In contrast, the
SN-NP and SN-PA model structures introduced n@sehsory signals. The fact that the
TN-NP and TN-PA model structures performed bettersdhot deny the existence of sensory
noise; however, it does at least suggest that coedpaith joint torque noise, sensory noise

might play a less important role in driving bodyasw Both sensory noise and joint torque
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noise were modeled as white noise in this studyowe¥er, in reality, noise acting on the human
body may not be perfect enough to be white noidénus, another possible explanation for why
the TN-NP and TN-PA model structures performeddnettight be that joint torque noise has
more common properties with white noise than deesary noise.

Since no significant difference was found in thetdanction or scalar errors of statistical
mechanics measures between the TN-NP and TN-PAlmtydetures, it might be concluded that
these model structures performed the same givanabidity to simulate upright postural sway.
Similarly, the SN-NP and SN-PA model structuresudated COP-based measures at the same
level of accuracy. The common feature of the TNaB SN-NP model structures is that they
do not consider the contributions of passive comneptsto balance control. In contrast, the
TN-PA and SN-PA model structures take these cautiobs into account. In addition, when
considering the simulation trials of both the TN-&8#d SN-PA model structures, disregarding
outliers, the maximum ratio between the passiveaatide control torques was only 0.155,
indicating that active control torques are moreontgnt than passive control torques when
maintaining upright posture. Our results are cstesit with Peterka (2002), who applied a PID
neural controller to simulate balance control, Bmhd that the passive stiffness and damping
parameters obtained from the simulation were ofilQ the value of active stiffness and
damping parameters. According to these simulatgsalts, it might be concluded that active
control torque plays a dominant role in balancetradn

Some limitations in this study should be noted.rsti-some anthropometric measures
were estimated, and thereby served as a sourceood @ the model simulation. Second, both
sensory noise and joint torque noise should existeasame time; however, in this study, in

order to compare the roles of these noise sounckalance control, they were introduced to the
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model separately. Third, limitations within theepented balance control model based on an
optimal control strategy also apply in this stugieése refer to Chapter 4). For example, this
model is only applicable for small amplitudes adndr sway motion given that only ankle
torques were considered to contribute to maintgib@ance (Kuo, 1995). In addition, since
only two-dimensional balance control model struesuwvere studied, the results can only account
for the attributes of balance control in the safjilane. Thus, in future research, different
three-dimensional balance control model structahesild be investigated.

In summary, this study investigated afferent/effiér®ise in postural control and
active/passive control patterns during quiet ugrggance by simulating alternative balance
control model structures, and further proved thathematical models are a useful tool to
examine validity of difference balance control thes. The results from this study suggest that
efferent noise plays a relatively important roleiving body sway, and that active control

torque is dominant in maintaining upright balance.
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Chapter 7 A Three-dimensional Balance Control Model of Quiet
Upright Stance Based on an Optimal Control Strategy

Abstract

A three-dimensional balance control model of qu@tight stance is presented, based on
an optimal control strategy, and evaluated in teofrits ability to simulate postural sway in both
the anterior-posterior and medial-lateral direcsionThe human body was represented as a
two-segment inverted pendulum during upright standa order to linearize body dynamics,
several assumptions were made, for example thed thas no transversal rotation during upright
stance. The neural controller was assumed to logtamal controller that generates ankle
control torque and hip control torque accordingddain performance criteria. An
optimization procedure was used to determine theegaof unspecified model parameters
including random disturbance gains and sensorydetees. This model was used to simulate
postural sway behaviors characterized by centgredsure (COP) based measures. No
significant differences were found between anyhefgimulated COP-based measure and
corresponding experimental references. Thus, thyegsed three-dimensional balance control
model appears to have the ability accurately siteypastural sway behaviors.

7.1 Introduction

Many existing balance control models have adopteidge-segment inverted pendulum
to model the human body, and have focused on ilgatistg postural sway only in the sagittal
plane (e.g. Ishida et al., 1997; Johansson €t1288; Maurer and Peterka, 2005; Peeters et al.,
1985). In these models, ankle control torque Wasnly neural output contributing to
controlling upright posture. A single-segment irtgd pendulum body model is applicable in
some circumstances, especially when the sway amdplis small and an ankle strategy
dominates (Kuo, 1995). However, some researctans argued that such an approach is
oversimplified (e.g. Alexandrov et al., 2005; Hdwak, 2007). For example, Hsu et al. (2005)
noted that six major joints along the longitudiagis of the body are coordinated to stabilize the
spatial positions of the COM and head during qupetght stance.

In addition to ankle control torque, hip controldoe is also widely accepted as an

important neural output to control upright posturélany investigations have taken into account
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the contribution of hip control torque in balan@mtrol by adopting a multi-segment inverted
pendulum body model (e.g. Fujisawa et al., 2005 K995; van der Kooij et al. 1999).
However, these models still limit sway motionshe ainterior-posterior (A/P) direction.

Existing evidence indicates that medial-laterall(Mway is important in some conditions, and
that M/S sway measures are able to account fagréifit balance control mechanisms. For
example, sway excursion in the M/L direction wasna to significantly increase with increased
external loading during upright stance (Schiffmaale 2006).  McClenaghan et al. (1996)
reported that significant age-related differencasted in some frequency-domain measures (e.qg.
CFREQ and P50) obtained from M/L postural sway. uslta simple two-dimensional balance
control model that cannot simulate M/L postural guganot able to sufficiently reflect how
humans control upright posture.

The purpose of this study was to develop a balaon&ol model that can accurately
simulate postural sway in three-dimensional spa&milar to earlier models presented in this
dissertation, the current model is also based avpéimal control strategy. Extending the
previous efforts, however, human body dynamicsdaseribed by a two-segment inverted
pendulum model in which there are two joints repn¢isig the ankle and the hip. Thus, the
proposed three-dimensional balance control modwildibe able to account for both the ankle
and hip strategies typically evidence in uprighstpoal control (Kuo, 1995). Performance of
the proposed three-dimensional balance control ineae evaluated by comparing model
simulations and experimental data for selected ®@@&s&d measures. We hypothesized that
there would no significant differences between ahthe simulated COP-based measure and

corresponding experimental references.
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7.2 Methods

In this model, human body dynamics were describgdabtwo-segment inverted
pendulum in three-dimensional space. Sensory mmgste@ere assumed to provide accurate
ankle and hip sway angles to the neural contrbilgrwith an inherent time delay due to sensory
processing, transduction, and transmission (vankaeij et al., 1999). The neural controller
was an optimal controller that can minimize a perfance index defined by physical quantities
relevant to sway in both the A/P and M/L directiong\n optimization procedure using heuristic
search approaches was performed to determine ufisgemodel parameters such as sensory
delay times at the ankle and hip joints. 95% amrice intervals of normalized simulated
COP-based measures were calculated and used tmatvéihe proposed model in terms of its

ability to simulate postural sway.

7.2.1 Postural control system

The postural control system model is illustrateéfign 7.1. Three portions comprise the
closed loop: 1) the neural controller, 2) humanybdghamics, and 3) sensory systems. Models
of each of these three parts are discussed in detad in subsequent sections. In addition,
According to Chapter 6, modeling noise in postomaitrol as random disturbance torques may
have better simulation performances, so randomitghce torques were added to the ankle

control torque and hip control torque generatethieyneural controller to drive sway motions.
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Neural Controller
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Disturbance
atarget = O 1 1 /V\
Biarger =0 v " s [ " s >
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»  Optimal control |- Human Body
processor Dynamics
—  T,(t T, (t
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a(t)
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lr2 s®-r1,s+1
d1 d1
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Figure 7.1 Postural control system for the three-anensional balance control model. 7=ankle control torque; T,=hip control
torque; a=ankle sway anglef=hip sway angle;tqg;=sensory delay time at the anklets,=sensory delay time at the hip.
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7.2.2 Human body dynamics and sensory systems

A two-segment inverted pendulum in three-dimendispace was used to describe
human body dynamics (Fig. 7.2). The two rigid édksegments represent the legs and upper

body, respectively; the joint connecting them cgpands to the hip joint.

Y

}'\ Hip

! «— Ankle

Figure 7.2 A two-segment inverted pendulum model. X-axis is positive in the anterior
direction; Y-axis is positive to the left; Z-axis § positive in the superior direction.

In essence, the dynamics of this two-segment iadgsendulum are non-linear, yet
optimal control formulations are only applicablditear control systems. (Though non-linear
optimal control theories have been proposed, tties@ies are not well formulated and cannot
provide global optimal solutions). Given this, soassumptions are required in order to
linearize the dynamics. McClenaghan et al. (1298) Winter et al. (1996) have suggested that
the ankle and hip strategies are applied prim&wilgontrol postural sway in the sagittal and
frontal planes, respectively. Thus, the lower sexqginflegs), controlled primarily by ankle

torques, was assumed to rotate only in the sagitake (along the A/P direction).  Similarly,
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the upper segment (upper body), controlled primdyl hip torques, was assumed to rotate only
in the frontal plane (along the M/L direction). dddition, transversal rotations of the two
segments have been ignored, since such movemeritkedy minimal during quiet upright
stance (Gunther et al., 2008).

Fxo Z

T,

(b)

()

Figure 7.3 (a) Force analysis of lower segment; (bjorce analysis of upper segment; (c)
Force analysis of foot.

Fig. 7.3 illustrates the force analysis of the tsegment inverted pendulum model.
X-axis and Y-axis correspond to the A/P and M/lediions, respectively. According to this
figure and the above assumptions, the equationsotibn are given below, with Eqns. 7.1, 7.2,

and 7.3 corresponding to a respective force arsabfghe upper segment, lower segment, and
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feet.

IzB =T, =M, 9Ycom2

F, —mg= mzzcomz (7.1)
Fvo = MYeoms
Fxo =M Xy,

1,0 =T, + F,, X + MOXcom = FxaZnp

Tll Rz =T,
I:21 - Fzz -mg= ranCOMl (7-2)
FYl - FYZ =0

Fx1 - sz = ranCOMl

I:Zr = I:Zil. + mf g
I:Xr = FXl
FYr = I:Yl (73)

FZrCOR( + Fthf :Tll
-F,COR, -F,h; -T, +m;gd; =0

where:

a is the sway angle of the lower segment in thetsdgilane

B is the sway angle of the upper segment in thetdtquiane

I, andl, are the moments of inertia of the lower segmedtugper segment, respectively
my andm, are the masses of the lower segment and upper sggespectively
my is the mass of the feet

hs is the height of the ankle

d: is the distance between the ankle and the COMeofaet

T, is the ankle control torque whose direction igly axis

T, is the ankle control torque whose direction isglthe X axis

T, is the hip control torque whose direction is altimg X axis

{Fx1, Fv1, Fz1}, {F x2, Fv2, Fz2}, and {Fx;, R, Fz} are the reactions forces on the ankle, hip and
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ground, respectively
{X com1, Ycomr, Zcoma}, {X comz, Ycomz, Zcomz}, and {Xnip, Yhip, Znip} are the coordinates of the
center of mass of lower segment (COM1), center agsyof upper segment (COM2), and
the hip.
There is no hip torque about the Y-axis, becauseiiper segment was assumed to rotate

only in the frontal plane. According to these dapres, the COP location is given by:

(mzxmp +rr!LXCOM1)h I a+(rnzg+mZZCOM2)xh|p +rr!l.gXCOM1 mthlpzmp +m gdf (7 4)

COR, =
(m +m,+m)g+ mZZCOMZ + rrﬁzcorvll

|2B + ngYCOMZ - mZYCOMZ(Zhip + hf ) (7_5)
(M +m, +m)g+m,Z.oy, +MZcoy,

COR =
Since it was assumed that the lower segment angpiber segment are restricted to

rotations in the sagittal and frontal planes, reipely, ankle torqud; can be determined By
andT,. Similarly, the force components in Egns 7.1-¢af also be determined by andTo.

Thus, according to the assumptions made abovegtinal controller only actively generates

joint torquesT; andT; to maintain balance.

The properties of human body dynamics can be fatadlas:

IzB =T, =M, 0Ycom2 (7.6)
1,0 =T, +F,, X ¥ MOXcom ~ FxaZnip

In addition, the coordinates of the COM1, COM2, &ijl ankle are given by:

X

comr = Ny XSINA; Yeoms = Yanuer Zeows = My X €OSQ;
Xeomz = Xnips Yeomz =~y XSINB5Z oy, = Zyy, + 0, X COSS;

hip ?
Xpip =l xsina; Yo, = Yaier Zpyp =1, X COSQ;

hip hip
X =0Y,.=0,Z =0.

ankle ankle

(7.7)
ankle

whereh; is the length of the COM1 relative to the ankigis the COM2 relative to the hip,is

the length of lower segment, ahds the length of upper segment. We are only @stied in
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spontaneous sway, during which sway anglasdp are very small. Thus, in order to linearize
human body dynamics, the following approximatioresevmadesina ~a, sing~f, cosx ~1, and

cog=1l. Given this, the linear human body dynamicsdascribed as:

{lzﬁsz +m,gh, S (7.8)

|, =T, +mygla + mgha -m,2d
We also assumed that sensory systems feed badkasesway angle measures to the

neural controller with a certain time delay. Heree time-invariant sensory time delayg,

andrtgp, Were introduced to the model f@andp, respectively. In order to linearize the sensory

systems, delayed joint angle® and ,@ were approximated by:

60) = a() =Ty 60+ 7540

andA(t) =ﬁ(t)—rd2,6’(t)+§r§2 At (7.9)

Thus, the state equations (Eqn. 7.10) that repréiserproperties of both body dynamics
and sensory systems were derived from Egn. 7.&and7.9. (Please see section 4.4 for

details on the derivation):

x(t) = Ax(t) + Bu(t) (7.10)
I 0 1 0 0 0 0 O 0
ng 1 + rrﬁzgn 0 l > B le - 0 0 0 O
[, +ml; I, +mls 1, +m)l;
0 0 0 1 0 0 0 0
0 0 0 0 0 0 O 0
where A= ,

0 0 0 0 0 1 0 0

O O O O mZQhZ O i _Td2
|2 |2 |2
0 0 0 0 0 0 O 1
0 0 0 0 0 0 O 0
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0 0 &
2
a0 &
20, +mily) o .
O '1 .o
1 O . T]_ . . Tl
B= o | the state isx(t) =| ~ | and the control signal isi(t) =] _.
0 2 B T,
Taz A
0 5 B
21,
0 0 Tz
0 1 T,

According to Egns. 7.8 and 7.9, sway angl@ndp do not interact with each other,
indicating that based on the assumptions we maokealsway motions in the sagittal plane and
frontal plane are independent. Thus, state equafigqg. 7.10) can be decomposed into two
separate state equations that account for the girepef body dynamics in the A/P (Eq. 7.11)

and M/L (Eq. 7.12) directions, respectively.

X, (t) = AX, (1) + B, (t) (7.11)
0 1 0 0 9
mgl,+mgh , 1 ~Tq Ta
where A =| 1, +myl} L+ml? I +ml? [ B =| 2(I,+m,1?) |, the state is
0 0 0 1 0
0 0 0 0 1
a
X (t) = T and the control signal is, (t) =(T1)
1
T,
X, () = A%, (1) + B,u, (1) (7.12)
0 1 0 0 (2) B
mgh, o, 1 ~la T 5
where A, =| |, I, 1, |, B=|2l, |, the state isx(t) = and the control
O 0 0 1 0 T,
O 00 O 1 T,
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signal is u,(t) = (-rz)

7.2.3 Anthropometry estimation

Different anthropometric data are required to impat this model, versus those required
in the two-dimensional model (Chapter 5). Spealfi; the three-dimensional balance control
model requires: the moment of inertial of the lowedy around the anklé; ], the mass of the
lower body (), the length of the lower bodis), and the length of the COM of the lower
segment relative to the ankle ), the moment of inertial of the upper body arotimelhip (),
the mass of the upper bodw, the length of the upper body)( the length of the COM of the
upper segment relative to the hip)( the mass of the feet§), the height of the ankld{), and
the distance between the ankle and the COM ofdbe(f:). According to some published
results (Chaffin et al., 1999; de Leva, 1996; Ritdmer et al., 2004), an estimation of these

anthropometric data was obtained using:

m, =M x (0.0435+ 0.1027) x2;m, = M x 0.6708
|, =1 x (0.530-0.039;1, =1 x (1- 0.530);
h, =1,%x0.6179h, =1, x0.374

I, =m x(I,x0.650%1, =m, x(l, x0.620)* (7.13)
m: =M x0.0137x2(malg or m. =M x0.0129% 2( femalg);
h. =1x0.039

d- =1 x04418male or d. =1 x0.4014 femalg.

7.2.4 Neural controller

The neural controller (Fig. 7.1) includes an optigantrol processor and several
integration units. The optimal control processodeéfined by optimal feedback gains. Since
sway motions in the sagittal and frontal planesisdependent, we could calculate the optimal

feedback for state equations 7.11 and 7.12 separafEhe optimal control processor’s structure
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is given in Fig. 7.4.

a(t)
. > Kn
a(t)
> Ky, T, (1)
T, (1) R
' Kis
T.(t)
> Kig
B(t)
_ > Ky
A) )
» Koo Tz(t)
T,(t) R
Kz
T,
> Ko

Figure 7.4 Optimal control processor

Performance indices for sway motions in the sdgaitd frontal planes are defined by Eq.

7.14 and Eq. 7.15, respectively.

1 0 A 2 . ..
3 =5 [, @O+ w0 (O + W T O + W T O + e TP @)t (7.14)

J; = %j: (W, B° (1) + sz,éz (1) + W, T, (1) + W, 1,7 (1) + w17 (D)dt (7.15)

wherew; (i=1~5,j=1 and 2) are weightings of physical quantitiesvaht to sway. Converting

the above performance indices into standard foetdgiweighting matrices as follows:

w, 0 0 0
0w, 0 O
Ql = 0 0 W 0 and Rl = Wsy (716)
31
0 0 0 w,
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w, 0 0 O
0w, 0 O
Q,= o o w o and R, =w, (7.17)
32
0 0 0 w,

Note that as long ak andJ, are minimized, the sum Jdf andJ, must be also minimized.
Therefore, we are able to calculate the optimallieek gains for sway motions in A/P and M/L

directions separately and still optimize the perfance of the whole postural control system.

7.2.5 Optimization procedure

An optimization procedure was use to specify maadeameters, including weights of
relevant physical quantities, random disturbandéesgand sensory delay times. The
three-dimensional balance control model simulatestyval sway in both the A/P and M/L
directions. Thus, the cost function here shoulddfed by sway measures in both directions.
Specifically, we chose two time-domain COP-basedsuees and two frequency-domain
COP-based measures. These measures are traditieaalires (Norris et al., 2005) and
included root mean square displacement (A/P RMS\ithdRMS), mean velocity (A/P MV and
M/L MV), centroidal frequency (A/P CFREQ and M/L REQ), and frequency dispersion (A/P

FREQD and M/L FREQD). The definition of the cashétion is given by:

[}
N COPM, - COPM,
E=§]

O
= COPM

)° (7.18)

O
where N=8 is the number of COP-based measures GBEBM, and COPM, are tha"

COP-based measures from the simulation and expetatresults, respectively. A genetic
algorithm (GA) and simulated annealing (SA) weredut specify model parameters (i.e. that

minimized E). In the GA, the number of chromosornmes generation was set at 140; the
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crossover rate and mutation rate were set at 0.80-d@hd 0.05~0.10, respectively, according to
the generation number; and the maximum numbermérggion was set at 90. In the SA, the
temperature was initialized at 30% of the initiastfunction; the cooling rate was set at 0.80;
the number of iterations between temperature cleawgs set at 40; and maximum number of
iterations was set 200. These values were detedrirom trial and error.  Note that since
both the GA and SA were heuristic approaches,dhgisn obtained from the optimization

procedure can not be expected to be globally ofitima

7.2.6 Participants and experimental procedures

Experimental data (COP time series) were requnespéecify model parameters. These
data were obtained from a prior study, which hanlsescribed earlier (Chapter 6). In contrast
to the earlier study, however, COP-based measuses wsed in both the A/P and M/L directions.
In addition, the present analysis included COP serges obtained both before and after
localized muscle fatigue. A commercial dynamom@odex Medical Systems, Shirley, NY)
was used to induce fatigue in the ankle plantaofleXankle fatigue) and lumbar extensors (torso
fatigue). During fatiguing exercises, participawere requested to step on the Biodex and
perform isotonic exertions which were set at 60%hefMVE (peak torque) at a speed of 12
repetitions/min. Fatigue was considered to beeéaduvhen participants could not complete

the entire range of motion for three consecutiypetiéons.

7.2.7 Model simulation and analysis

The flow of model simulation in this study was same as described earlier for the
two-dimensional balance control model (please refeection 4.2.4). Having specified the

model parameters, the three-dimensional balanceatenodel was then used to predict both
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traditional and some statistical mechanics COPbassasures that did not appear in the cost
function. These statistical mechanics COP-baseaxbures include transition time (A/P TT and
M/L TT), transition amplitude (A/P TA and M/L TAghort term scaling exponent (A/R End

M/L Hs), and long-term scaling exponent (A/P &d M/L H)). Descriptions and units of both
traditional and statistical mechanics measures gwen earlier (Table 6.1). Note that
traditional and statistical mechanics measurevderirom COP time series assess
fundamentally different aspects of postural confirris et al., 2005). Specifying the model
using the former, and evaluating it using the faté&as considered a fairly rigorous method to
assess the performance of the three-dimensiorah@alcontrol model. In addition, inclusion
of post-fatigue COP data allowed for assessmetiteomodel over a broader range of
circumstances.

Quantitative evaluation of the three-dimensiondibee control model was done by
comparing simulated COP-based measures with camegpy experimental measures.
Specifically, the simulated measures were normalimetheir corresponding experimental
measures, and 95% confidence intervals of thesealmed simulated measures were obtained
(perfect predictions would yield values of unity)These confidence intervals are equivalent to
two-tailed t-tests witlu=0.05. There would be no significant differencesa®en the simulated
and experimental data if values of unity were ideld in the confidence intervals. Values of
the cost function, defined as a scalar error batvegmulated and experimental data, were used
to assess whether the model simulation abilityedddl with localized muscle fatigue (LMF).
This comparison was done using a one-way ANOVA .nally, pairwise correlations were

obtained between the simulated COP-based measudesadel parameters.
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7.3 Results

For all traditional COP-based measures, 95% condidéntervals of the normalized
simulated values included unity (Figure 7.5a). Ngefor the traditional measures were all
within the range of 0.9-1.1, or very close to ttieal value of unity. These results suggest that
the proposed model could simulate traditional C@Bell measures reasonably well. In
contrast, predictions of statistical mechanics messwere somewhat less favorable (Figure
7.5b). While mean values were generally closenityuexcepting TT, and confidence intervals
contained unity, these intervals were quite broadimong the statistical mechanics measures,
Hs was predicted substantially better (i.e. mean nady and small confidence interval range).
A non-significant (p = 0.140) effect of fatigue wiasind on the cost function, which had a mean
(SD) value for pre-fatigue data of 0.439 (0.17hy aespective values of 0.479 (0.145) and

0.456 (0.140) after ankle and torso fatigue.
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Figure 7.5 Means and 95% confidence intervals of thnormalized simulated COP-based
measures (top: traditional measures; bottom: statiscal mechanics measures). Dotted
horizontal lines indicate unity, or perfect model pedictions. Experimental references
used for normalization are given in Table 7.1.

Table 7.1 Experimental COP-based measures

RMS MV CFREQ FREQD TT TA Hs HL

Mean 6.68 10.52 0.549 0.903 0.57926.33 0.817 0.198

AP SD 295 355 0.139 0.061 0.2926.23 0.041 0.100

Mean 6.31 13.08 0.582 0.844 0.47734.35 0.829 0.148

MIL SD 219 495 0.153 0.079 0.1231.50 0.030 0.109
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Some patterns were evidence among the pairwiselatons between model parameters
and COP-based measures (Table 7.2). Random distelgains (kand k) were
significantly correlated with all simulated COP-bdsneasures exceptH In contrast, some
model parametersv;, w»; andw;) had no significant correlation with any of thensiated

COP-based measures.
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Table 7.2 Correlations between model parameters d@nsimulated sway measures

W11 Wo1 W31 Wia1 W51 Kn1 _Td W12 Wo2 W32 Wis2 W52 Kn2 Td2
A/P RMS -0.107 -0.130 0.007 0.147 0.159 0.314 0.201 0.142 -0.077 -0.084 -0.033 -0.062 0.3920.084
A/P MV 0.036 -0.059 0.297 -0.115 -0.142 0.793 -0.076 0.051 0.177 0.183 -0.195 -0.196 0.860-0.046

A/P CFREQ 0.152 0.016 0.216 -0.271 -0.135 0.579 -0.047 -0.057 0.279 0.217 -0.156 -0.177 0.6:«.‘*4 -0.095
A/P FREQD -0.095-0.022 -0.516 0.280 0.369 -0.455 0.662 0.020 -0.112 -0.120 0.032 0.179 -0.111 0.172

APTT -0.038 -0.152 -0.433 0.183 0.513 -0.399 0.676 0.012 -0.185 -0.244 0.139 0.249 -0.236 0.270
AP TA 0.044 -0.1180.099 -0.057 0.065 0.239 0.119 0.084 0.026 0.027 -0.098 -0.074 0.3650.045
A/P Hs 0.146 0.058 0.309 -0.478 0.059 0.028 -0.022-0.009 -0.009 0.152 -0.081 -0.036 -0.033 -0.148
A/P H. -0.107 -0.139 -0.481 0.311 0.473 -0.358 0.609 0.069 -0.294 -0.340 0.209 0.243 -0.280 0.306

M/L RMS 0.031 -0.0890.061 0.018 -0.0340.411 0.001 0.047 0.039 -0.095 -0.051 0.080 0.4580.077
M/L MV 0.037 -0.059 0.242 -0.076 -0.146 0.748 -0.053 0.034 0.211 0.218 -0.217 -0.201 0.892 -0.046
M/L CFREQ -0.032 0.040 0.161 -0.043 -0.1110.555 -0.067 -0.080 0.259 0.339 -0.158 -0.274 0.700 -0.132
M/L FREQD -0.128 0.092 -0.391 0.185 0.282 -0.352 0.228 -0.228 -0.183 -0.338 0.421 0.405 -0.450 0.407

M/LTT 0.057 -0.085 -0.202 0.093 0.087 -0.219 0.177 -0.054 -0.093 -0.183 -0.151 0.743 -0.336 0.667
M/L TA 0.086 -0.075 0.140 -0.077 -0.1030.518 -0.016 0.131 0.085 0.128 -0.352 0.081 0.515 0.119
M/L Hg 0.185 0.074 0.078 -0.279-0.115 0.102 -0.082 0.082 -0.036 0.222 -0.349 0.175 0.000 0.050
M/L H, -0.010 -0.122 -0.230 0.200 0.134 -0.283 0.168 -0.152 -0.123 -0.466 0.286 0.596 -0.304 0.407

*Significant (p<0.05) correlations
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7.4 Discussion

In this study, a three-dimensional balance comtrotlel based on an optimal control
strategy was developed, and evaluated in termts ability to simulate postural sway in both the
A/P and M/L directions. Since COP-based measuremast commonly used to characterize
postural sway (Baratto et al., 2002; Peterka, 2080igto et al., 1996), we adopted COP-based
measures to evaluate the simulation performanteeainodel. In general, COP-based
measures can be classified into three groups: diomeain measures, frequency-domain
measures, and statistic mechanical measures (ergs Mt al., 2005; Prieto et al., 1996). Each
of these type were incorporated, including two tideenain measures (RMS and MV), two
frequency-domain measures (CFREQ and FREQD), andstatistical mechanics measures (TT,
TA, Hs, and H). Given this range of measures, results obtdiroed this study can be
expected to reasonably account for diverse aspétialance control mechanisms.

Predictions generated by the model appeared taithg &ccurate. Specifically, there
were no significant differences between any sinealdataditional measures and their
experimental references, most of the means foethesasures were near unity (0.9~1.1). In
addition, the simulated measures were fairly ctéestshaving narrow confidence intervals,
despite being generated across a range of pariisigad for conditions before and after
localized muscle fatigue. Good performance was falsnd overall in predicting statistical
mechanics measures. Again, there were no signifaifferences between measured and

predicted values, however there was substantiatigeraariability across participants and fatigue
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conditions. According to these results, the thdeeensional balance control model appears
able to accurately simulate postural sway behavio&uich a model can be use to further
investigate balance control mechanisms, espeaidibn individual differences and task
conditions (e.g., aging and LMF) affect balancetimn

It is important to note the essential differenceMeen the traditional and statistical
mechanics measures derived from COP time seridghanheach was used differently here.
Experimental values of traditional measures mustvadable in advance, and were used to
calculate the cost function. In contrast, expenitakvalues of the statistical mechanics
measures were only used after model specificatiinsamulation. Thus, it seems unlikely that
simulated traditional measures and simulated statisnechanics measures would have the
same level of accuracy. This argument may helpagxmhy the widths of the 95% confidence
intervals of the statistical mechanics measureg Wwgrically larger than those of the traditional
measures (Fig. 7.5).

No significant or substantial difference was foumdhe cost function of the optimization
procedure across several LMF conditions, suggestiaigthe ability of the model to accurately
simulate COP-based measures is not affected by LMRis was expected, since none of the
model parameters or subparts of the model werefgjadly designed to reflect the presence or
absence of LMF. LMF likely affected the COP tinegiss, and the derived COP-based
measures (Corbeil et al., 2003), yet the modekhégient degrees of freedom (unspecified
model parameters) to account for such changesthatlimulation accuracy is not affected.

Several significant correlations were found betwewrel parameters and COP-based
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measures, and can be used to predict and/or sgenifynternal postural control changes affect
balance control. For example, the sensory detag &t the hipz|,) had significantly positive
correlations with TT and Hin both the A/P and M/L directions. An increagédindicates that
the open-loop control scheme has a longer duratibile an increased Hsuggests that, over
long-term intervals, postural control has beconss bnti-persistent. Both a longer open-loop
control scheme and less anti-persistent posturdgt@omight result in a more unstable postural
control system since the body posture tend to ibduaway from the equilibrium. Thus, it
might be concluded that when the sensory delay éintkee hip increased, the postural control
system would become more unstable.

Similar analysis can be performed for other modebmeters as well. In general, when
the statistical mechanics measures increasedpitaral control system tended to become more
unstable. However, relationships between thessiizdl mechanics measures and some model
parameters were not always consistent. For examplsignificantly increased with increases
in random disturbance gains,{lnd k), while TT and H significantly decreased. In such
cases, it cannot be determined whether larger rardisturbance torques would lead to a more
unstable postural control system simply by analyatatistical mechanics measures.

Additional COP-based measures should be considereok instance, when random disturbance
gains became larger, time-domain sway measuresisagily increased, indicating that the
projection of the whole body COM moved closer te lloundary of the BOS. Thus, a more
unstable postural control system should have laagetom disturbance joint torques.

The postural control system is a complex, and istrsituations an automatic, control
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system. It is generally accepted that the neuradroller generates active joint control torques
according to feedback regarding body orientation®aintain balance. Thus, balance control
has always been analyzed from a control perspefdige Igbal et al., 2004; Ishida et al., 1997;
Johansson et al., 1988). EXxisting control thephesvever, are more effective in solving linear
control problems, whereas the postural controlesyss obviously nonlinear. A
two-dimensional single-segment inverted pendulundehbas been used most often to represent
the human body when modeling balance control beckis easy to be linearized. In contrast,
three-dimensional balance control models have baety used previously due to its complexity,
although such a model may be more valid.

In the present study, a linearized three-dimensibalance control model was developed.
Several assumptions were made during linearizatiéior example, we assumed that the lower
segment and upper segment only rotate in the abaittl frontal planes, respectively, based on
earlier evidence for the use of an ankle and madesgy to control postural sway in these planes
(Winter et al., 1996). Although these assumptiomge some experimental support, we have to
admit that the proposed model was limited by sissumptions since they are simplifications of
a more complex reality. In addition to the limitets caused by these assumptions, some
limitations in the two-dimensional balance contradel also exist in the proposed
three-dimensional balance control model, such asribdel’s dependence on the availability of
experimental balance data to specify free modelpaters. However, this model can be still
considered valid to some extent due to its gootbpmance in simulating and predicting

COP-based measures, and provides a new step towwaedsigating three-dimensional balance
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control models.
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Chapter 8 Model-based Assessments of the Effects of Aging and

Localized Muscle Fatigue on Balance Control

Abstract

The purpose of this study was to employ a threeedsional balance control model to
identify the effects of aging and localized mudeligue (LMF) on balance control. Data were
obtained from a prior study which included both yger and older participants. Trials of quiet
upright stance were performed by each participamjyzed here were trials pre-fatigue,
post-ankle-fatigue, and post-torso-fatigue. COPBebaneasures and unspecified model
parameters were used to identify effects of agefaimgue. Compared with younger adults,
COP mean velocities in the anterior-posterior middiaral directions increased 45.5% and
48.9%, respectively, in older adults. COP frequetispersion in the anterior-posterior
direction increased 4.7% with torso fatigue. Whemparing the measured and simulated results,
though discrepancies existed, most of the aging@salized muscle fatigue effects on simulated
COP-based measures were qualitatively consistehteaxperimental findings. Changes in both
COP-based measures and model parameters wereouséegl potential mechanisms that cause
the observed effects of aging and LMF.

8.1 Introduction

Recent studies have shown that aging affects tlygmahich humans maintain balance.
For example, it is generally accepted that agingdeterioratehe accuracy of afferent balance
control signals, and increase sensory delays (@iah, 2002). Era and Heikkinen (1985)
found significant age-related changes in total sdiaglacement, which is proportional to mean
velocity. Maki et al. (1990) investigated COP-lwhegeasures with 64 healthy young and
elderly adults, and found that these measures demaded significant aging-related decreases in
stability. In addition, McClenaghan et al. (199@®glyzed spectral characteristics of postural

forces and pointed out that aging effects exispiectral parameters obtained from M/L postural
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forces. Prieto et al. (1996) also evaluated pasaieadiness measures and found that
COP-based measures, such as COP mean velocity@Rdabge, changed with age.

Localized muscle fatigue (LMF) also has effectdatance control. For example,
Yaggie and McGregor (2002) isokinetically fatigy#entarflexors and dorsiflexors as well as
invertors and evertors of the ankle, and found Ilodéih A/P sway and M/L sway increased
significantly after fatigue. Corbeil et al. (2008¥0 induced muscular fatigue of ankle
plantarflexors and found that this fatigue resulteshcreased postural sway and a decreased
long-term scaling exponent. The study done by @ et al. (2004) suggested that
time-domain postural sway measures increased witibar extensor fatigue. Additionally,
Hsiao and Simeonov (2001) identified that fatigeeedorates the ability of the nervous system
to regulate balance efficiently, and emphasizech#uessity of understanding the effects of
fatigue on balance control and fall prevention. siBles the studies mentioned above, there are
also many investigations into fatigue effects (eBuwrdet and Rougier, 2004; Caron, 2003;
Gribble and Hertel, 2004; Miller and Birds, 197@)e results from which all demonstrate that
fatigue has adverse effects on balance control.

In summary, changes in balance control with agmdylaViF may lead to an increased
risk of falling (e.g., Mackey and Robinovitch, 2Q0®8ine et al., 2006). Hence, understanding
the mechanisms by which humans maintain balanpecesly for the aged or in the presence of
LMF, would be very helpful for the prevention oflfmjuries.

To maintain balance, it is generally accepted tiatrojection of the COM should be

kept inside the base of support (BOS). Therefiarefudy how humans maintain balance, we
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may investigate the oscillations of the COM duriragly sway. However, the locations of the
COM cannot be easily measured. The COP is alwaghase with the COM, and reflects the
net motor control signal output necessary to kepptojection of the COM within the BOS
(Cavanaugh et al., 2005; Prieto et al., 1993). addition, COP-based and COM-based measures
have been found to be highly correlated (Hasah,et206). Most importantly, the COP can be
measured easily using a force platform. A numlbetudies have already applied COP-based
measures to identify aging or LMF effects on baéaoantrol (e.g., Corbeil et al., 2003; Norris et
al., 2005).

As discussed in previous chapters, balance comipolels are a useful tool to investigate
balance control. The first purpose of this stu@swo examine the ability of the proposed
three-dimensional balance control model to simulag¢eeffects of aging and LMF on balance
control. These effects were quantified using C@Bell measures derived from experimental
data, and these same data were used to evaluatenihlation performance of a
three-dimensional balance control model. The s@gampose was to identify potential
postural control mechanisms that cause the obsewyied and LMF effects, by investigating

intrinsic model parameters.

8.2 Method

8.2.1 Participants and experimental procedures

Thirty-two individuals (16 males and 16 females)hout injuries, illness, and
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musculoskeletal disorders participated in the studyhese participants were evenly classified

into two groups according to age (Table 8.1).

Table 8.1 Demographic information on participants

Old participants Young participants
Mean SD Mean SD

Age (year) 63 6.2 21 1.7
Height (cm) 167.4 12 171.4 7.0
Body mass (kg) 77.5 20.4 66.4 11.3

Several localized muscle fatigue conditions wesget#, including ankle fatigue, knee
fatigue, torso fatigue, and shoulder fatigue. Carlkle fatigue and torso fatigue were used for
analysis in this study, because the control inputee proposed three-dimensional balance
control model are the ankle control torque anddaiptrol torque, and these torques are affected
by ankle fatigue and torso fatigue, respectivelyurther, fatigue at these two locations was
found to have the most substantial effects on paktwntrol as assessed by COP- and
COM-based measures (Singh et al. 2005). A comadedtghamometer (Biodex Medical
Systems, Shirley, NY) was used to induce fatiguthéankle plantarflexors (ankle fatigue) and
lumbar extensors (torso fatigue). During fatiguexgrcises, participants performed isotonic
exertions at 60% of their maximum voluntary isokineontraction at a speed of 12
repetitions/min. Fatigue was considered to beeéaduvhen participants could not complete
the entire range of motion for three consecutiypetidons. COP data were then collected
within 45 seconds after the fatiguing exercisesor details on COP data collection, please refer
to section 7.2.3. Besides post-ankle-fatigue argl-forso-fatigue sway trials, a single

pre-fatigue sway trial was also randomly selectethfamong three performed by each
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participant.

8.2.2 Dependent COP-based measures

Numerous studies have demonstrated that postuegl swreases with aging or LMF by
using time-domain COP-based measures (Corbeil,2@03; Murry et al, 1975; Vuillerme et
al., 2006). Glass and Mackey (1977) noted thatedt periodicity was an indicator of reduced
physiological functional ability, which might beuwsed by aging or LMF. Both time-domain
and frequency-domain COP-based measures are araditheasures that were generally
considered unable to account for the dynamic clewiatics of the postural control system.
Thus, statistical mechanics measures have beenged{Collins and De Luca, 1993) and used
to differentiate between individuals who differage or LMF conditions (Norris et al, 2005;
Corbeil et al., 2003). We selected eight COP-basedsures of different types to determine the
effects of external loads on balance control (Cé@p}. In this study, we used these measures
to investigate the effects of aging or LMF. Thessasures included RMS, MV, CFREQ,
FREQD, TT, TA, B, and H. The descriptions and units of these measures green in Table

6.1.

8.2.3 Model simulation and analysis

Ninety-six experimental trials of upright stancerveimulated using the
three-dimensional balance control model (describgchapter 7). These trials were evenly

classified into two groups (old and young) accogdimthe age of the participants. In addition,
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when taking LMF into account, 32 trials were unther pre-fatigue condition; 32 trials were
under the post-ankle-fatigue condition; and theai@mg 32 trials were under the
post-torso-fatigue condition. Based on the expenital and simulation results from these 96
trials, two-way repeated measures ANOVAs were peréal to identify significant (p<0.05)
changes in COP-based measures and model paraméteegying or LMF.  Since LMF had

three levels (pre-fatigue, post-ankle-fatigue aostftorso-fatigue), post-hoc pairwise
comparisons were conducted using the Tukey’s hiyngighificant difference (HSD) criterion.

To validate the three-dimensional balance contradi@h, model-based predictions and
experimental results were compared qualitativebpeding to the trends in COP-based measures

versus aging or LMF.

8.3 Results

8.3.1 Fatigue and aging effects on COP-based meassir

Significant main effects of aging were found on NOGEREQ, FREQD, TT, andHn
both the A/P and M/L directions (Fig. 8.1). Mogesifically, A/P MV, M/L MV, A/P CFREQ,
and M/L CFREQ increased, while A/P FREQD, M/L FREQEZP TT, M/LTT, A/P H, and M/L
H, decreased with aging. There were also signifioaain effects of LMF on A/P FREQD,
M/L FREQD, A/P TA, and M/L H (Fig. 8.2). Post-hoc comparisons indicated tbiesta
fatigue led to increases in A/P FREQD and A/P TAd decreases in M/L FREQD and M/l..H

In addition, significant differences between thatgankle-fatigue and post-torso-fatigue
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conditions were also found in A/P FREQD and A/P TA.
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Figure 8.1 Effects of aging on experimental COP-basl measures (top: A/P; bottom: M/L).
Significant differences (p-value<0.05) are noted b¥, and error bars indicate one standard
error. The values of experimental COP-based meases here were normalized by their
corresponding averages (Table 8.6) in order to hawde distributions of all measures
illustrated in the same figure.
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Figure 8.2 Effects of LMF on experimental COP-basetheasures (top: A/P; bottom: M/L).
Significant differences (p-value<0.05) are noted b¥, and error bars indicate one standard
error. The values of experimental COP-based meases here were normalized by their
corresponding averages (Table 8.2) in order to hawde distributions of all measures
illustrated in the same figure.
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Table 8.2 Means (SD) of experimental COP-based meass
Measures  RMS MV CFREQ  FREQD TT TA sH He
AP 6.55(2.37) 15.09(8.82) 0.63(0.19) 0.85(0.07)51(D.25) 28.03(31.52) 0.81(0.04) 0.17(0.11)
M/L  6.26(1.99) 16.28(10.27) 0.66(0.20) 0.82(0.08).43§0.14) 38.13(40.49) 0.83(0.03) 0.12(0.10)

Analysis of variance of the simulated measuresaledethat significant main effects of
aging occurred for A/P MV, A/P CFREQ, A/P TT, A/R,HM/L MV, M/L CFREQ, and M/L H,
and significant LMF effects for A/P FREQD, A/P TA/P H., and M/L FREQD (Fig. 8.3 and Fig.
8.4). Specifically, A/IP MV, M/L MV, A/P CFREQ, M/CFREQ increased, and A/P TT, A/R,H
and M/L H_ decreased with aging. A/P FREQD and A/P TA inedasand M/L FREQD
decreased with torso fatigue. A/P FREQD, A/R &hd M/L FREQD decreased with ankle

fatigue.

153



I Young
15F [ Joud . .
[ [
14
13+ —
12+ l —
11
1_
09F
08t
07k
RMS MV  CFREQ FREQD TT TA Hs H.
161
Il Y oung .
15} o m
14F
13} —
12} l —
11}
1,
09}
0.8}
07k
RMS MV  CFREQ FREQD  TT TA Hs H.

Figure 8.3 Effects of aging on simulated COP-basadeasures (top: A/P; bottom: M/L).
Significant differences (p-value<0.05) are noted b¥, and error bars indicate one standard
error. The values of simulated COP-based measuré&re were normalized by their
corresponding averages (Table 8.7) in order to hawhe distributions of all measures
illustrated in the same figure.
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Figure 8.4 Effects of LMF on simulated COP-based nasures (top: A/P; bottom: M/L).
Significant differences (p-value<0.05) are noted b¥, and error bars indicate one standard

error.

The values of simulated COP-based measurégre were normalized by their

corresponding averages (Table 8.3) in order to hawde distributions of all measures
illustrated in the same figure.
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Table 8.3 Means (SD) of simulated COP-based measare
Measures  RMS MV CFREQ  FREQD TT TA sH He
AP 6.18(2.49) 13.26(8.29) 0.55(0.16) 0.88(0.07)85(1.64) 47.30(52.37) 0.77(0.05) 0.24(0.20)
M/L  6.23(2.02) 16.19(9.89) 0.66(0.17) 0.87(0.08)870.99) 48.78(46.89) 0.80(0.03) 0.11(0.14)

8.3.2 Comparison between experimental and simulatedeasures

Among the dependent COP-based measures that sagnlfi changed with aging, the
proposed three-dimensional balance control modslatse to accurately predict changes in A/P
MV, A/P CFREQ, A/P TT, A/P id M/L MV, M/L CFREQ, and M/LH. However, no
significant differences were found in the simula#téel FREQD, M/L FREQD, and M/LTT
between younger and older adults. In additionepkiéor A/P H;, all simulated COP-based
dependent measures showed the same average creardgewith their corresponding
experimental measures.

Almost all significant changes in experimental Cdded dependent measures caused by
LMF were reflected in the simulated data. The axgeption occurred in M/L Hwhich
significantly decreased with torso fatigue accogdimthe measured data. Although the
simulated M/L H showed a decreasing trend with torso fatigue,tteisd was not statistically
significant. The proposed model also predictedl @n&le fatigue significantly affected A/P

FREQD, A/P H, and M/L FREQD, which is not consistent with thxperimental findings.

8.3.3 Fatigue and aging effects on model parameters

Several model parameters significantly changed agiihg (Fig. 8.5), including the

weights of ankle sway angular velocity.{) and hip control torqueng,), and random
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disturbance gains and sensory delay times at tkle q, t41) and hip knz, andzyy).

Specifically, all of these parameters became largelder adults. At the same time, LMF only
significantly affected the sensory delay time &t tiip q42), which increased with torso fatigue
(Fig. 8.6).
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Figure 8.5 Effects of aging on model parameters. §ificant differences (p-value<0.05) are
noted by *, and error bars indicate one standard emor. The values of model parameters
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here were normalized by their corresponding average(Table 8.4) in order to have the
distributions of all measures illustrated in the sane figure.
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Figure 8.6 Effects of LMF on normalized model paraneters. Significant differences
(p-value<0.05) are noted by *, and error bars indiate one standard error. The values of
model parameters here were normalized by their coesponding averages (Table 8.4) in
order to have the distributions of all measures ilistrated in the same figure.
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Table 8.4 Means (SD) of model parameters in the tee-dimensional balance control model
Ankle Parameters Hip Parameters
wy;  0.330(0.318) wi,  0.377(0.327)
w1 0.168(0.179) ws,  0.201(0.204)
Wy 0.244(0.260) ws  0.249(0.265)
ws1  0.093(0.149) ws,  0.066(0.147)
ki  192.9(230.3) kn2  235.7(226.4)
tqi(ms)  42.1(26.8) | rgo(ms) 17.0(19.1)

8.4 Discussion

One purpose of this study was to investigate tfextsf of aging and LMF on balance
control. Since COP data have been widely usetidcacterize sway behaviors, we adopted 16
COP-based measures that were able to sufficiesfligct properties of COP trajectories as
dependent measures to quantify these effects. rvboih the A/P and M/L directions were
found to significantly increase with aging, whiteete were no age-related changes in A/P RMS
and M/L RMS (Fig. 8.1). These findings are in &gnent with previous studies (Maki et al.,
1990; Prieto et al., 1996). Time-domain COP-basedsures can be used to estimate the
displacement amplitude of COM. Since aging ledigmificant increases in A/P MV and M/L
MV, the displacement amplitude of COM may becomgdaand get closer to the boundary of
the BOS in older adults. Thus, older adults waddm to be at a higher risk of a loss of
balance and subsequent fall.

COP-based measures accounting for central spéetidéncy (A/P CFREQ and M/L

CFREQ) became significantly larger in older ad(ffig. 8.1), indicating an increase in the

159



amplitude of higher frequency components in the &dB M/L postural forces. In addition, it
can be surmised that variability in the frequenagtent of the A/P and M/L postural forces
decreases with aging, since both A/P FREQD and RREQD became significantly smaller in
older adults (Fig. 8.1). We also found that TT &hdn both directions significantly decreased
with aging (Fig. 8.1). Smaller TT and smaller iddicate a shorter open-loop control scheme
and more anti-persistent postural control over {targn intervals, respectively. In addition,
postural control tends to be more persistent srgelr region over short-term intervals for older
adults, as indicated by the increases in TA agavith aging (Fig. 8.1).

Ankle fatigue did not appear to affect balance wansince no significant differences
were found in any COP-based dependent measure dretive pre-fatigue and post-ankle-fatigue
conditions (Fig. 8.2). Torso fatigue resulted isignificant increase of A/P FREQD and a
significant decrease of M/L FREQD, indicating thatiability in the frequency content of the
A/P and M/L postural forces increased and decreassgectively, with torso fatigue (Fig. 8.2).
In addition, since both A/P TA and M/L Hignificantly changed with torso fatigue as weéilgy
8.2), we may conclude that, in the presence obttasgue, individuals adopt a persistent control
strategy over a larger region in the sagittal plawer short-term intervals, whereas in the
long-term region they would adopt a less anti-eéesit M/L postural control strategy.

Another purpose of this study was to examine thigybf the proposed
three-dimensional balance control models to acelyraimulate aging and LMF effects. As
noted earlier, though some discrepancies existt ofdbe aging and LMF effects on simulated

COP-based measures were qualitatively consisteéhtexperimental findings. These results
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indicate that the proposed three-dimensional balaoatrol models could accurately simulate
aging and LMF effects to some degree, and furtbpparts the argument that these models can
be used to investigate how humans maintain balaniceaddition, identifying the changes in
COP-based measures with either aging or LMF igritial step in developing interventions to
reduce age- or LMF-related falls (McClenaghan gt18196). Since the proposed models were
able to accurately predict most changes in COPébammsures, they will also be useful tools for
the development of fall interventions. At the same, use of mathematical models can help
avoid the need for collecting actual balance cdmtata in some cases.

Changes of model parameters with aging and LMF refigct how the neural controller
adjusts underlying control mechanisms to maintgingint balance under different conditions of
interest. It has been generally accepted thagaagiversely affects the accuracy of control
signals by increasing sensory noise and elevagnga@y thresholds (Ahmed and Ashton-Miller,
2005; Gilsing et al., 1995; Tian et al., 2002). cAacy of the control signal is influenced in the
simulation model by the random disturbance ghkih ( With larger disturbance gains, the
accuracy of the control signal decreases. In mnfdisensory delay has also been generally
considered to increase with aging (Ahmed and AsMdler, 2005). Since the random
disturbance gains and sensory delays significantieased with aging, the proposed balance
control models were able to provide a plausiblem@mechanism that explained the effects of
aging.

It has been suggested that muscle fatigue slowshgansmission (Basmajian and

DelLuca, 1985), and decreases the position sengg ééjorklundet al., 2000). Thus, in the
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present study, random disturbance gains and sietutsnsory delays should have significantly
increased with LMF as well. However, only sensielayz,4 was found to significantly
increase with torso fatigue. This unexpected teraly be explained by the fact that different
protocols were adopted to induce fatigue betweerctirent study and previous ones. Other
factors, such as the use of heuristic methodsakeptimal solutions and approximation of
delayed sway angles, may also have led to thidtresu

In addition to random disturbance gain and sendelgy, other model parameters were
used to weight the physical quantities relevarsvway. A larger weight might indicate that the
neural controller places more emphasis on the sporeding physical quantity when maintaining
upright balance. For example, the weight of amétque acceleratiorwg,) was larger in
younger adults, so it might be concluded that atddgue acceleration plays a more important role
in balance control in younger versus older adulidote that it is still impossible for us to specify
the exact relevant physical quantities that thealezontroller may take into account when
maintaining balance, and that heuristic methods@iagive exact optimal solutions in the
optimization procedure. Thus, we cannot completelly on the simulated weighting model
parameters to indicate the relative importanceftérént relevant physical quantities. The
simulation results only provide us with a prelinmpanderstanding of these physical quantities’
role in balance control. Further investigationdddoe done to confirm the simulation
findings.

In summary, this study investigated the effectagihg and LMF on balance control

using both measures of postural sway (experimamigisimulated) and intrinsic parameters of a
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balance control model. The proposed three-dimeasisalance control model was able to
accurately predict seven out 10 significant agifigots and three of four significant LMF effects
on dependent COP-based measures. Changes of pawdeieters with aging and LMF can
also provide insights into complex postural conthating quiet upright stance. Thus, this
model might aid in further investigating balancatrol mechanisms and evaluating the potential

impact of intervention strategies for the improvetnaf balance.
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Chapter 9 Conclusion and Future Research

9.1 Research Contributions

The research presented in this dissertation focasddo areas: lifting motion simulation
and balance control modeling. A novel approacgbréalict lifting motions based on fuzzy logic
control was proposed. This approach may be usetubnly in ergonomic design, but also in
the investigation of possible control mechanismspéed by the neural controller to plan
motions. Meanwhile, two-dimensional and three-disienal balance control models based on
an optimal control strategy were developed. Tmesdels were able to accurately simulate
COP-based measures, and were successful in acogémtithe effects of aging, localized
muscle fatigue, and external loads on balance abntThus, these models may be applicable in
the development and evaluation of interventionsrided to maximize the capacity of the

postural control system and to minimize lossesatdifice and associated fall events.

9.2 Strengths and Limitations
9.2.1 Lifting Motion Simulation

The presented lifting motion simulation model baseduzzy logic control was able to
simulate two-dimensional lifting motions. Basedtba results, some hypotheses regarding
how the neural controller works may be offered. essence, the presented model is data-based,
since recorded motion data are needed to genetatg fules. Yet unlike existing data-based

models, this model is able to investigate how theral controller plans motions by interpreting
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fuzzy rules. These fuzzy rules are not based graasumptions, but rather stem from observed
motion data. Thus, the presented model may hémgher level of construct validity than
optimization-based models.

However, several limitations still exist when usthgs model.  First, due to the
properties of linguistic terms, there is no wayhtain the exact rules between fuzzy inputs and
outputs. Possible rules can be only roughly esgthby analyzing actual motion trajectories.
Second, we assumed that the neural controller addpe same strategy for different but similar
lifting motions. This may not necessarily be tmeeality, as humans may have many options
to complete a given motion task and the motionmlagp may have a stochastic component.
Third, some features of the predicted motions, siscmotion duration, must be specified
externally. While durations may be externally spped or predictable in some cases (e.g.
assembly line tasks), this is clearly not truedibtasks of interest. Fourth, this model may be
computationally inefficient since an optimizatioropedure was adopted to determine the values
of membership function parameters and fuzzy ruéebsth be specified manually.  Fifth, several
assumptions were made during model simulationifopkcity. For example, we assumed that
motions of five joints were independent. Thesaaggions might not be valid in reality, but

were required in this initial model developmenbnder to improve computational efficiency.

9.2.2 Balance Control Modeling

One strength of the balance control models predentthis dissertation is that they were

able to accurately simulate sway behaviors. Furthe have presented an approach for
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determining what to optimize and how to optimizeewimodeling balance control during
spontaneous sway. Modeling the neural controearaoptimal controller stems from a
physiological basis, in that it is possible to irgmrate physical quantities relevant to sway into
the performance index defined in the optimal cdhdro It is also physiologically plausible that
the state (see Eq. 4.8 or EqQ. 6.4 for the two-dimension#&ze control model; Eq. 7.10 for the
three-dimensional balance control model) can bébtek to the neural controller to generate the
optimal control signal. Specifically, muscle sgegican sense the joint angular displacement
and velocity (van der Kooij et al., 1999), and ¢iete variables related to joint torques are
internal states of the neural controller. At theng time, these models can be used to analyze
potential balance control mechanisms for diffegmoups of subjects by simply comparing their
model parameters (e.g., sensory delay time). isndissertation, for example, the presented
models were able to identify possible underlying-agjated and
localized-muscle-fatigue-related differences irabak control mechanisms. In addition, these
models may aid in predicting human physiologicaktens used in maintaining balance, and
facilitate evaluating the potential impact of inention strategies for the improvement of
balance.

The models presented here also have some limigatioRirst, only a few physical
guantities that may affect spontaneous sway candeeporated into the performance index.
Second, the neural controller may not use an optiorarol strategy to generate the motor plans
that lead to spontaneous sway. Based on the diol@sults, we may say that the optimal

control strategy can at least partly explain theralkecontroller; however, this does not mean that
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the neural controller necessarily adopts such &ralostrategy. Third, given that
approximations were made to some trigonometrictfans, the presented models are only
applicable for small amplitudes of planar sway moti Fourth, these models depend on
experimental data to determine the parameter$, Fi#uristic approaches were used in the
optimization procedure, and thus do not guarartaethe obtained set of model parameters was

globally optimal.

9.3 Future Research

9.3.1 Lifting Motion Simulation

Currently, simulation of any novel lifting motiorses the root lifting motion from the
same participant to generate fuzzy rules, and nbydimensional lifting motions were
simulated. The presented model should also betalsienulate motions across individuals
(e.g., using a root motion and novel motion froffiedent individuals), and be applicable to
two-dimensional and three-dimensional motions beotypes (so long as some root motions are
available). Thus, in future research, the aboityhe presented model to simulate lifting
motions across individuals and to simulate two-disienal and three-dimensional motions of
other types should be investigated. At the same,tsensitivity analyses, generalizability, and
investigations of the effects of some tasks attebuwn the observable trends in fuzzy variable

trajectories are also worthy areas of future ingasibn.
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9.3.2 Balance Control Modeling

Modeling sensory systems as a time delay mightooesimple, especially when the
interest is in studying how sensory systems worknguguiet upright stance. In future research,
a balance control model with more complex sensaradycs should be investigated. In
addition, as we discussed above, some other caitaibegies have been adopted when modeling
balance control, such as PID control strategy diaing model control strategy. The exact
control strategy adopted by the neural controléestill controversial. Thus, it would be of
interest to compare the ability of balance contrmdels with different control strategies to
simulate sway behaviors in future research, whichy rhelp to identify the actual control

strategy.
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