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Abstract

The ability to stand still in one place is important in a variety of activities of
daily living. For persons with motion disorders, orthopaedic treatment, which
changes geometric or biomechanical properties, can improve the individual’s
posture and walking ability. Decisions on such treatment require insight in
how posture and walking ability are affected, however, despite expectations
based on experience, it is never a-priori known how a patient will react to a
treatment. As this is very challenging to observe by the naked eye, engineering
tools are increasingly employed to support clinical diagnostics and treatment
planning. The development of predictive simulations allows for the evaluation
of the effect of changed biomechanical parameters on the human biological
system behavior and could become a valuable tool in future clinical decision
making.

In the first paper, we evaluated the use of the Zero Moment Point as a
computationally inexpensive tool to obtain the ground reaction forces (GRFs)
for normal human gait. The method was applied on ten healthy subjects walk-
ing in a motion analysis laboratory and predicted GRFs are evaluated against
the simultaneously measured force plate data. Apart from the antero-posterior
forces, GRFs are well-predicted and errors fall within the error ranges from
other published methods. The computationally inexpensive method evaluated
in this study can reasonably well predict the GRFs for normal human gait
without using prior knowledge of common gait kinetics.

The second manuscript addresses the complications in the creation and
analysis of a posture prediction framework. The fmincon optimization function
in MATLAB was used in conjunction with a musculoskeletal model in Open-
Sim. One clear local minimum was found in the form of a symmetric standing
posture but perturbation analyses revealed the presence of many other postural
configurations, each representing its own unique local minimum in the feasible
parameter space. For human postural stance, this can translate to there being
many different ways of standing without actually noticing a difference in the
efforts required for these poses.

Descriptors: Static optimization, Multibody system, Musculoskeletal model
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Sammanfattning

Förmågan att st̊a stilla p̊a ett ställe är viktigt i en mängd olika aktiviteter i
det dagliga livet. För personer med rörelserubbningar, ortopedisk behandling,
som ändrar geometriska eller biomekaniska egenskaper, kan förbättra indivi-
dens kroppsh̊allning och g̊angförmåga. Beslut om en s̊adan behandling kräver
insikt i hur h̊allning och g̊angförmåga p̊averkas, men förutom förväntningar ba-
serade p̊a erfarenhet, kan man inte p̊a förhand säga hur en patient kommer att
reagera p̊a en behandling. Eftersom detta är mycket sv̊art att observera med
blotta ögat, använder man ingenjörsverktyg för att stödja klinisk diagnostik
och behandlingsplanering. Utvecklingen av prediktiva simuleringar möjliggör
utvärdering av effekten av förändrade biomekaniska parametrar p̊a människans
biologiska system och kan bli värdefulla verktyg i framtidens kliniska besluts-
fattande.

I den första artikeln utvärderade vi användningen av Zero Moment Point
som ett beräkningsmässigt billigt verktyg för att erh̊alla de markreaktions-
krafter som tillhör vanlig mänsklig g̊ang. Metoden tillämpades p̊a tio friska
försökspersoner som gick i ett motoriklabb och de förutsagda markreaktions-
krafterna jämfördes med de uppmätta. Bortsett fr̊an de antero-posteriora kraf-
terna, var markreaktionskrafterna väl bestämda, med fel inom marginalerna
hos andra publicerade metoder. Den beräkningsbilliga metoden utvärderad i
denna studie kunde n̊agorlunda väl förutsäga markreaktionskrafterna för vanlig
mänsklig g̊ang utan att använda tidigare kunskap om ordinär g̊angkinetik.

Det andra manuskriptet behandlar utmaningarna i skapandet och analy-
sen av ett ramverk för förutsägelse av kroppsh̊allning. En optimeringsfunk-
tion i MATLAB användes i samband med en muskelskelett-modell i Open-
Sim. Ett tydligt lokalt minimum återfanns i form av en symmetrisk st̊aende
kroppsh̊allning, men perturbationsanalyser avslöjade att många andra postu-
rala konfigurationer fanns, var och en med sitt eget unika lokala minimum i det
till̊atna parameterrummet. För mänsklig kroppsh̊allning kan detta översättas
till att det finns många olika sätt att st̊a, utan betydande skillnader i de an-
strängningar som krävs.

Nyckelord: Statisk optimering, Flerkroppssystem, Muskelskelett modell
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Preface

This thesis presents the work done on modeling and predictive simulations
in musculoskeletal biomechanics with its application for human standing pos-
ture.

In Part I: Chapter 1 gives the background, motivating the need for predic-
tive simulations with computational models of the human (neuro)musculoskeletal
(NMS) system. It also clarifies the aims and scope of this thesis. Chapter 2
discusses the process and characteristics of NMS modeling and simulations.
Some relevant optimization methods used in NMS biomechanics are described
in chapter 3 and the implementation of the standing posture optimization prob-
lem with a musculoskeletal model is clarified in chapter 4. Optimization result
analyses were performed and given in chapter 5. Finally, chapter 6 treats overall
conclusions and future prospectives.

In Part II: The published journal paper written on the computation of
ground reaction forces in gait using the Zero Moment Point (ZMP) method
and a manuscript on the sensitivity of a musculoskeletal optimization frame-
work for postural prediction were appended.

Paper 1. Erik J. Dijkstra & Elena M. Gutierrez-Farewik, 2015
Computation of ground reaction force using Zero Moment Point. Journal of
Biomechanics 48, p.3776-3781, doi:10.1016/j.biomech.2015.08.027.

Paper 2. Erik J. Dijkstra & Anders Eriksson & Elena M. Gutierrez-

Farewik, 2015
Sensitivity in prediction of human posture by constrained optimization. Sub-
mitted.
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results and progress with LGF in regular weekly meetings, and discussed with
AE regarding the optimization problem.

Paper 1
ED built up the model in OpenSim and the computational model in C++ and
MATLAB and performed the simulations. Results were discussed with LGF.
The paper was written by ED with input from LGF.
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ED built up the optimization problem in MATLAB and OpenSim and per-
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ten by ED with input from LGF and AE.
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Part I

Overview





CHAPTER 1

Introduction

Biomechanics is the study of the structure and function of biological systems
by means of the methods of mechanics (Hatze 1974). Modeling and simulation
of biomechanical systems can give a better understanding of their functions at
different levels depending on the scale and detail of the model. A challenge in
biomechanics is to develop a mechanical model, with well defined degrees of
freedom (dofs) and properties, to represent the human biological system, which
has inconsistent rotational joint centers, relative soft tissue motion, and coor-
dination control based on a vast amount of senses (Newell 1986). This means a
trade off has to be made between model complexity and thus computational re-
quired time and the features that can be represented. Computational modeling
and simulation of the human neuromusculoskeletal (NMS) system is one sub-
category of biological system modeling and simulation. Here the NMS model is
defined as a set of mathematical equations describing a physical system, along
with the computational expressions of these equations. The physical system is
the human (neural)muscular system acting on a rigid multibody skeletal struc-
ture, possibly interacting with an external environment, e.g., the ground and
devices (Hicks et al. 2015).

The first part of this thesis presents the work done on modeling and pre-
dictive simulations in musculoskeletal biomechanics. This chapter gives the
background, motivating the need for predictive simulations with computational
models of the human (neuro)musculoskeletal system. It also clarifies the aims
and scope of this thesis. Chapter two discusses the process and characteristics
of NMS modeling and simulations. Some relevant optimization methods used
in NMS biomechanics are described in chapter 3 and the implementation of
a posture optimization problem using a musculoskeletal model is clarified in
chapter 4. Analyses were performed on the posture predictive framework and
their results discussed in chapter 5. Finally, chapter 6 treats overall conclusions
and future prospectives.

The second part of the thesis contains the journal paper written on the
computation of ground reaction forces in gait using the Zero Moment Point
(ZMP) method, as well as the manuscript on the sensitivity in prediction of
human posture by constrained optimization.
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4 1. Introduction

1.1. Background

The standing posture or movement pattern chosen by an individual could
among able-bodied be the most comfortable, due to body build and flexibility.
Postural strategies are interesting as they can tell something about the state of
the biomechanical system. If asked to stand as comfortably as possible, people
stand in different ways. For persons with motion disorders lower limb contrac-
tures, muscle weakness, and spasticity can affect their posture and ambulation
(Bartonek et al. 2005). In these populations posture and movement can in-
troduce fatigue, discomfort and deformities in the long term. Orthopaedic
treatment, which changes geometric or biomechanical properties, can improve
the individual’s posture and walking ability.

Decisions on treatment require insight in how posture and walking ability
are affected and which part of observed behaviour is due to the primary pathol-
ogy process and which is a compensatory strategy. As this is very challenging
to observe by the naked eye, engineering tools are increasingly employed to
support clinical diagnostics and treatment planning (Visser et al. 2008).

Human movement analysis is a tool common in orthopaedic treatment
planning. The surgeons can, with the help of video recording of the patient,
carefully analyse the movement pattern and possibly find problem areas which
could be treated. It is also used as a result verification tool to see if a performed
treatment has had the desired effect on the patient (Baker 2006).

However, despite expectations based on experience, it is never a-priori
known how a patient will react to a treatment. Computational simulations us-
ing NMS models already help to understand the complex problems that arise
in clinical practice (Erdemir et al. 2007; Reinbolt et al. 2008). The develop-
ment of predictive simulations allows for the evaluation of the effect of changed
biomechanical parameters on the human biological system behavior and could
become a valuable tool in future clinical decision making.

1.1.1. Modelling

Human posture and movement planning has been and still is studied exten-
sively. Goals in these studies are to better understand intermuscular control,
interactions between body segments, and musculotendon dynamics when co-
ordinating human motion (Crowninshield & Brand 1981; Pandy et al. 1990;
Zajac et al. 2002, 2003). In motor control the focus lies on how humans co-
ordinate and control tasks while being exposed to a variety of environmental
factors, hereby exploring the functions of the Central Nervous System(CNS)
(Johansson et al. 2009; Kuo 1995). From a mechanical point of view interest
lies in the effect of changes in anthropometric or dynamic characteristics of the
body on the ability to perform tasks of daily living (Amankwah et al. 2006;
Kuo & Zajac 1993). The changes made to the body can, among others, be due
to pathology or surgical procedures. In both control and mechanical research
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areas, modelling is the primary method used. Models with different levels of
complexity have been used to study human posture and movement (Alexander
2003; Zajac et al. 2003). Mathematical models used are often simplified in their
approximation of the mechanics. For human movement studies, the motion can
also be simplified (Fluit et al. 2012; Koopman et al. 1995; Xiang et al. 2010).
The level of model simplification often depends on the computational meth-
ods used. If the method is computationally expensive, the model and/or the
motion will most likely be more simplified than when using computationally
efficient methods.

Mechanical models can roughly be categorized in two main streams: planar
(2D) and spatial (3D). The major difference is the number of degrees of freedom,
and therefore also the way of formulating the equations of motion. In planar
motion all motion is in one plane, often the sagittal plane in which lateral
and transverse motion is ignored (Hof et al. 2005; Ren et al. 2007). Spatial
models on the other hand consider all sagittal, lateral, and transverse motion
(Anderson & Pandy 2001a; Fluit et al. 2012; Koopman et al. 1995; Xiang et al.
2011).

Besides these two major groups there is a distinction in the level of de-
tail of the model. A skeletal model only considers the bones wherein muscles
around a joint are typically grouped and represented by a single joint torque
for each degree of freedom (Koopman et al. 1995; Ren et al. 2007; Xiang et al.
2009b). Including individual muscles makes the model more complex but also
physiologically more accurate. These musculoskeletal models are valuable in
understanding muscle activation patterns during motion (Kuo & Zajac 1993;
Neptune et al. 2009; Zajac et al. 2003).

The most simplified postural models are 2D single inverted pendulums with
the ankle joint fixed to the floor and the body mass concentrated at a point
(Hof et al. 2005). These type of models have been used to study balance under
perturbation, and posture strategies and are extended up to a triple inverted
pendulum(Günther &Wagner 2016; Kuo 1995; Martin et al. 2006). Considering
the human topology with three major leg joints, the triple inverted pendulum,
compared to single and double inverted pendulum, is thought a better approach
to explain the dynamics of human quite stance (Günther & Wagner 2016).

In their study on muscle strength and its relation to possible standing
postures, Kuo & Zajac (1993) used a four segment 2D musculoskeletal model
comprising of foot, shank, thigh, and head-arms-trunk (HAT) segments. They
assumed the body only moved in the sagittal plane, with both sides in postural
and loading symmetry.

A 3D musculoskeletal model was used by Amankwah et al. (2006), con-
sisting of the two lower limbs, a pelvis, and a HAT segment. With 15 degrees
of freedom it facilitated all major degrees of freedom in the lower extremities
and three dof at the lumbosacral joint. They investigated the effect of passive
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joint properties on various postures in the workspace by means of an optimiza-
tion method. A double exponential function and a power function respectively
describing the nonlinear elastic and viscous components of passive joint prop-
erties.

1.1.2. Standing posture

The ability to stand still in one place is important in a variety of activities of
daily living. Standing posture can be seen as a nearly-static configuration of
the different body parts. However, during quiet stance, humans sway slightly
due to the combined influence of gravity and small self-initiated corrections
(Kuo et al. 1998; Visser et al. 2008).

A static approach to posture was taken by Amankwah et al. (2006) and
Pettersson et al. (2012). Amankwah et al. (2006) studied the effect of passive
joint properties on muscle effort and the number of feasible postures in the
workspace. They showed that change of stiffness in ankle plantarflexion and hip
flexion and abduction had the largest influence on reducing muscle effort. They
did not, however, consider the passive properties of individual musculotendon
actuators. With a 3D musculoskeletal model, Pettersson et al. (2012) predicted
postural change due to wedges under the feet for patients with motor disorders
and able-bodied controls using constrained optimization. Their model was
capable of predicting the postural changes induced by the wedges, but was less
able to predict the baseline postures.

Kuo & Zajac (1993) took a quasi-static approach with their 2D muscu-
loskeletal model, assuming small velocity terms in the dynamic equations as
well as small muscle fiber velocities. They found that hamstrings, tibialis ante-
rior, rectus femoris, and gastrocnemius were of greatest importance for stance
in case of severely reduced muscle strength.

1.2. Aim and scope

This work was a continuation of the work by Pettersson et al. (2012). The main
goal of this research project was to use optimization methods and musculoskele-
tal models to unravel the relationship between cause and effect of treatment
and/or disabilities. This was attempted by creating a modelling framework
that predicts posture by making use of optimization principles.

The first study evolved from the need for a prediction method that would
not only predict new kinematics, but also the corresponding ground reaction
forces (GRFs). An exploration of the existing methods to predict the GRFs
resulted in the first paper, which aims to explore the option of using the Zero
Moment Point (ZMP) method, as used by Xiang et al. (2009b), as a tool to
compute the GRFs and subsequently joint moments during gait, wherein body
kinematics was obtained from 3D motion analysis measurements.
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The objective of the second study was to create and analyze a musculoskele-
tal posture prediction framework by introducing a static OpenSim model opti-
mization approach using the Optimization Toolbox in MATLAB (The Math-
Works Inc., Natick, USA). The framework should allow for a relatively fast
incorporation of subject-specific models using information coming from a clin-
ical assessment and/or motion analysis.





CHAPTER 2

Musculoskeletal modelling

The human musculoskeletal system gives us the ability to move using skeletal
and muscular systems. The skeletal system provides the structure and describes
how bones are connected to one another. The muscular system is attached
to the skeletal system, and by contraction of muscle fibers a motion of the
musculoskeletal system can be generated. Modelling of this musculoskeletal
system is commonly used to study human movement and movement disorders
from both kinematic and kinetic point of view, where kinematics entails the
motion of the entire system and kinetics involves the forces and moments that
act on the system during the motion.

2.1. Skeletal system

The skeletal system is often represented by a chain of rigid bodies. Motions
that can occur between two bodies are simplified and modelled using e.g., hinge
and ball-socket joints. In more complex and advanced models the joints are no
longer specified using mechanical equivalences but are completely depending on
the joint surface geometry and surrounding soft tissue (Andersen & Rasmussen
2011; Dijkstra et al. 2012; Marra et al. 2015). Mass and inertia properties of
the body segments are typically estimated using values from cadaver studies
and scaled using simplistic scaling rules (Lund et al. 2015; Winter 2009).

2.2. Muscular system

For the skeletal system to undergo movement, so called actuators are required.
In robotic studies these are motors at each joint and these are also applied
in many biomechanical studies of the human body because of their simplicity.
However, for a more detailed view on the task of muscles in human motion,
muscle models were developed. Muscles are commonly modelled using the Hill-
type based muscle models (Hill 1938; Thelen 2003) where springs, dampers
and a contractile element are used to describe the mechanical and dynamical
behaviour of the muscles.

In the Hill-type muscle-tendon model (Fig.2.1a), a muscle is represented
with an active contractile element parallel with a passive elastic element. The
tendon is modelled by adding a nonlinear elastic element in series to the muscle
model. Length and velocity of the muscle-tendon unit are computed using

9



10 2. Musculoskeletal modelling

(a) Hill-type muscle-tendon actuator
model.

(b) Muscle normalized force generating char-
acteristics. A Force-length relation. B Force-
velocity relation.

Figure 2.1: Hill muscle model with its force generating characteristics (Zajac 1989).

joint kinematics and the predefined muscle attachment and wrapping points
on on the bone segments. Muscle fiber length, fiber lengthening velocity, and
activation determine the force generated in the muscle (Fig.2.1b).

2.3. Dynamics

The investigation of forces and moments during a motion make use of the
principles of dynamics. There are two types of dynamic methods. One is to use
the equations of motion to obtain the forces and moments required for a given
motion of a system, called inverse dynamics. The other, forward dynamics,
works the other way around wherein the known forces on the system are used
to compute the motion of the system, integrating the equations of motion
forward in time. General equations of motion for a musculoskeletal model can
be written in the form

M(q)q̈ +C(q)q̇2 +G(q) +R(q)FMT +E(q, q̇) = 0, (2.1)

where q, q̇, q̈ are vectors of generalized coordinates, velocities, and accelera-
tions, respectively; M(q) is the system mass matrix and M(q)q̈ a vector of
inertial forces and torques; C(q)q̇2 is a vector of centrifugal and Coriolis forces

and torques; G(q) is a vector of gravitational forces and torques; R(q)FMT is
the product of the muscle moment arm matrix and the musculotendon forces
giving a vector of musculotendon torques; and E(q, q̇) a vector of external
forces and torques applied to the body by the environment (Pandy 2001).

2.4. OpenSim modelling software

Musculoskeletal software packages are important for model development as
they ease the process of making a new model by providing ready made model
repositories that can be scaled and modified to a subject (Wagner et al. 2013).
Well known software packages are, e.g., SIMM, AnyBody, and OpenSim.

A popular open-source musculoskeletal modelling program is the OpenSim
software (Delp et al. 2007), from Stanford University in California USA. The
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software is made to perform biomechanical simulations of human movement
dynamics and contains a library of models and methods to use and or modify to
your liking (Seth et al. 2011). OpenSim relies on the Simbody dynamics package
for multibody dynamics and other numerical operations (Sherman et al. 2011).

2.5. Application

Musculoskeletal models are often used in combination with numerical optimiza-
tion techniques to solve data-tracking problems (Pandy 2001). Here model mo-
tion is determined based on the best fit with the data from a motion analysis.

2.5.1. Motion analysis

The data collected in a motion analysis is used as input for inverse dynamic
simulations. In motion analysis the movement of a subject is traced using either
a marker based or non-marker based system. In clinical practice the most
common system has reflective markers that are placed on specific locations
and bony landmarks on the body according to a standardized protocol, i.e.,
the plug-in-gait model (Davis et al. 1991). These reflective markers are then
traced by multiple infra-red cameras such that their location in the room can
be determined. The recorded motion can be reproduced with a musculoskeletal
model by minimizing the error between virtual markers placed on the model
and the measured marker trajectories. This allows for the calculation and
analysis of joint angles for the recorded motion.

Besides the marker trajectory data, force plate data can be collected to
obtain the forces from the interaction of the feet with the floor. With the model,
its kinematics, and the force plate data, internal joint forces and moments can
be computed using an inverse dynamics simulation.

Additionally, electromyography (EMG) can be used during a motion anal-
ysis session to get information on the activity of muscles. This information
can qualitatively be compared with computed muscle forces or can be used in
a special routine to find a better prediction of the muscle forces (Cholewicki
et al. 1995; Manal & Buchanan 2013; Sartori et al. 2012).

2.5.2. predictive simulations

The most common type of models used in predictive simulations are rigid body
models not including muscles to reduce its complexity and therefore the com-
putational time necessary to solve the system equations. These models are also
called torque actuated models, where each degree of freedom is controlled by
a torque actuator. The full musculoskeletal models used in predictive simula-
tions mostly use inverse dynamics methods, as the integration of the equations
of motion necessary in forward dynamic simulations require significantly more
computational power when muscles are included in the model. An example of
dynamic optimization for the prediction of motion is the study by Farahani
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et al. (2015), where an inverse dynamic optimization routine is used to predict
the optimal cycling motion, including the muscle activations required. Exam-
ples of torque controlled motion prediction studies are often sport related but
there are also gait prediction simulations (Fluit et al. 2012; Pettersson et al.
2010, 2013)



CHAPTER 3

Optimization in musculoskeletal biomechanics

Optimization methods use mathematical theories to find an optimal solution
to a given problem. A simple example is finding the minimum or maximum
value of a function.

A general optimization problem can be defined as

minimize
x∈Rn

F (x)

subject to

⎧⎪⎨
⎪⎩
ci(x) = 0, i = 1, 2, . . . ,m′

di(x) ≥ 0, i = m′ + 1, . . . ,m

x−
i ≤ xi ≤ x+

i , i = 1, . . . , n

(3.1)

where x is a vector containing all design variables, F is a scalar function to be
minimized, ci and di are the equality and inequality constraints, respectively,
and x−

i and x+
i are the lower and upper bounds of design variable i. The ideal

solution to this problem has the lowest possible scalar function value, while at
the same time remaining within the feasible set, this being a collection of design
variable sets that comply with the constraints and variable bounds defined in
the optimization problem.

Optimization methods are widely used in conjunction with musculoskele-
tal models to estimate muscle forces or neural inputs based on assumed per-
formance criteria (Anderson & Pandy 2001b; Crowninshield & Brand 1981).
Besides determining muscle forces and neural inputs, optimization methods
are used to find optimal motions and joint force profiles.

3.1. Muscle recruitment problem

The level of activation in each muscle is regulated by the central nervous sys-
tem and functions by mechanisms not fully understood. In musculoskeletal
models, muscle activations can be calculated by solving the equations of mo-
tion. However, due to the redundancy of the muscular system, the problem is
indeterminate and has more than one solution that satisfies the equations of
motion. This problem is also known as the muscle recruitment problem and
can be formulated as an optimization problem.

13



14 3. Optimization in musculoskeletal biomechanics

minimize

subject to

φ(f) =

n∑
i=1

(
fi
ωi

)α

n∑
i=1

fimi(x) = b

fi ≥ 0

(3.2)

Here the objective function example is of polynomial form where fi, ωi,
and mi are the force magnitude, inverse weight factor, typically the maximum
force capacity, and moment-arm vector of the i-th muscle, respectively. The
exponent α is commonly chosen as α = 2 or α = 3 (Crowninshield & Brand
1981; Thelen et al. 2003). In the constraint equations, b represents the resultant
inter-segmental moment vector. The last constraint equation dictates that
muscles can only provide tension.

The most common objective function for the muscle force sharing problem
is of this polynomial form. However, if one increases the exponent α above 3 the
solutions approach those found when using the min-max criterion as objective
(Rasmussen et al. 2001).

φ(f) = max

(
fi
ωi

)
, i = 1, . . . , n. (3.3)

With the min-max criterion the muscle forces are distributed in such a way
that the maximum relative muscle force is as small as possible.

3.2. Prediction of ground reaction forces

Optimization is a popular method for estimating muscle forces in the over-
determined muscular system and can also be used to compute the GRFs.
Robert et al. (2013) treated external contact loads and joint torques as un-
knowns in an optimization problem for sit-to-stand manoeuvres. They assumed
the feet to remain stationary on the floor. Their estimated GRFs agreed well
with the measured forces from the experiment, but were limited to stationary
contact segments. Fluit et al. (2014) used a similar approach, but computed
GRFs in an optimization together with the muscle forces, using twelve contact
points on each foot. Muscle–like actuators where used at the contact points at
the feet allowing them to be active only when in contact with the ground.

Audu et al. (2007) used an open chain approach and optimization to ob-
tain the ground reaction loads in various standing postures. The downside of
this approach is that one foot should be connected to the floor with a joint
construction making it unsuitable for gait applications.

An artificial neural network model was used to predict the GRFs in double
stance and combined with the single stance computation as used by Ren et al.
(2008), and produced accurate predictions (Oh et al. 2013). A disadvantage of
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using artificial neural networks is that these are sensitive to the chosen input
parameters and require large amounts of data to train the system (Oh et al.
2013).

Our own attempt, using the (non optimization based) ZMP method (Vuko-
bratović & Borovac 2004; Xiang et al. 2009b) resulted in reasonable predictions
for gait GRFs, but was not capable of predicting the GRFs in static to nearly
static cases (Dijkstra & Gutierrez-Farewik 2015). Hence, it was considered that
an optimization method similar to the ones by Robert et al. (2013) and Fluit
et al. (2014) had more potential for future use in posture and motion prediction
models.

3.3. Optimal motion and joint force profiles

While the more classical approach of motion prediction involves an optimiza-
tion of the controls of a model using forward dynamic simulations (Anderson
& Pandy 2001a), recently popular methods try to avoid the computationally
expensive numerical integration of the equations of motion and instead use an
inverse dynamic approach (Farahani et al. 2015; Xiang et al. 2010).

In the predictive dynamics method proposed by Xiang et al. (2010) both
motion and forces are unknown and taken as the optimization design variables.
The equations of motion of the system are treated as equality constraints for
the optimization, hence avoiding their direct integration.

A more recent work (Farahani et al. 2015) showed the potential of the
inverse-inverse dynamics method, where the input data to a normal inverse dy-
namics simulation such as kinematics, external forces are parameterized using
B-Spline representations. The output of the inverse dynamics simulation was
evaluated and the control points of the B-Splines updated if the optimality
criterion was not satisfied. This approach was used to predict the motion of
a musculoskeletal system in closed loop conditions, like cycling or operating a
winch (Farahani et al. 2015).

3.4. Objective function

A key aspect determining the outcome in optimization-based simulations is
the objective function used. The solution for the optimization variables is
computed based on minimizing the objective function, i.e., a simulation may
predict one posture that will require lowest muscle activations, but a different
posture when aiming to minimize pain at the knee; different objective functions
result in different solutions, and it is noted that several obvious criteria for
motion strategy are not easily formulated as mathematical expressions. On the
other hand, researchers have used different objective functions to find similar
human motion (Xiang et al. 2010).

Some of the commonly used objective functions in human simulation stud-
ies are:
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• Minimization of energy expenditure.
• Minimization of joint torques.
• Minimization of muscle activation.
• Minimization of jerk.
• Minimization of head or trunk excursion.

Ackermann & van den Bogert (2010) studied the effect of the objective
function on the kinematics and muscle recruitment patterns predicted for gait
using a seven segment musculoskeletal model. Objective functions were de-
rived from one objective function family, where the performance criterion is
quantified by the integrals of weighted muscle activations to a power p,

J =
1∑
ωi

1

T

m∑
i=1

ωi

∫ T

0

αp
i (t)dt (3.4)

This family of objective functions has been used extensively in solving the
muscle force sharing problem (Crowninshield & Brand 1981). Here m is the
number of muscle groups, α the muscle activations, ωi the weighting factors,
and p the exponent of α. By varying weighting set and exponent p, a total
of eight objective functions were evaluated. Low exponents, 1 ≤ p ≤ 3, are
common in the muscle force sharing problem solving (Crowninshield & Brand
1981; Thelen et al. 2003). High exponents, e.g., p = 10, penalize large muscle
activation and approximate the min-max optimization (Rasmussen et al. 2001).
Ackermann & van den Bogert (2010) distinguished two groups of functions:
those minimizing effort with higher exponents and no muscle volume weighting,
and those maximizing endurance characterized by lower exponents and muscle
volume as weighting function, and showed that the latter gave better prediction
results for gait.

Although most researchers only consider one performance objective, an
early study by Marshall et al. (1989) gave indications for the existence of mul-
tiple performance objectives used simultaneously in complex movements like
gait. They compared seven different objective functions in an optimization
problem for simulating the stance phase of gait. Results show that minimizing
torque, jerk, and energy best predicted segmental kinematics, whereas minimiz-
ing torque, jerk, and head movement gave best estimation of the trajectory of
the center of mass. Functions minimizing power showed least accurate predic-
tions of motion. Of those best predicting the segmental kinematics, each simu-
lated best a different segment. This indicated that multiple objective functions
should be used together to get the best prediction for all the segments.

Marler et al. (2009) used multi-objective optimization (MOO) to predict
human postures. Their postural focus was mostly on the upper body as they
predicted several reaching postures. For the optimization of two objectives,
change of potential energy and discomfort were used. A true MOO will lead to
a Pareto front as a continuous set of solutions, but the problem is commonly
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treated as a weighting of the criteria into one function, giving one unique
solution.





CHAPTER 4

OpenSim musculoskeletal model optimization problem

This chapter discusses the framework used to optimize for optimal human
posture. The musculoskeletal model is a modified generic gait model from
OpenSim and the optimization problem is described and implemented using
the Optimization Toolbox of MATLAB. The MATLAB Optimization Toolbox
includes the solver fmincon, that is able to solve nonlinear programming prob-
lems with general equality, inequality, and bound constraints. The interface
between MATLAB and OpenSim is the API from OpenSim (Seth et al. 2011),
a schematic overview of the interaction is given in Fig. 4.1. A similar method
has recently been published by Lee & Umberger (2016), who used it to generate
optimal control simulations of musculoskeletal movement.

MATLAB (The MathWorks, Inc., Natick, USA) was used to initiate and
solve the optimization problem and OpenSim was used to represent the muscu-
loskeletal model. Handles to the model in OpenSim allowed for easy access and
control of the model properties and model states at the different stages of the
simulation (Lee & Umberger 2016). OpenSim relies on the Simbody dynam-
ics package for multibody dynamics and other numerical operations (Sherman
et al. 2011). Using the OpenSim API (Seth et al. 2011), model states were sent
to OpenSim and the appropriate methods were called from MATLAB: one to
calculate the muscle equilibrium, which updates the muscle length in the model
state, and another to compute the state derivatives, considering gravity and all
muscle and ground reaction force and moment (GRF&M) actuator forces on
the system. OpenSim returned the updated model state and its state deriva-
tive vector back to MATLAB for use in the optimization problem formulation.
These are in essence, the velocities and accelerations obtained as the response
of the model to the set of design variables. The vanishing of both velocities
and accelerations was used to define a static equilibrium posture.

4.1. Musculoskeletal model modification

The human posture was described as a 3D musculoskeletal model in OpenSim
3.2 (Delp et al. 2007). The generic “gait2354” model was used as the starting
point for a more subject-specific model by scaling and modifying the model
properties based on the motion analysis data of the individual. The model
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Figure 4.1: OpenSim-MATLAB interface for solving optimization problems.

used 23 degrees of freedom, of which four—metatarsal and subtalar joints—
were locked in this study to reduce complexity. The model consisted of 54
muscles 24 at each limb and 6 around the pelvis and lumbar region of the
trunk. The muscles used in the model were standard three-element Hill-type
muscle models.

In standard simulations in OpenSim, the external forces at the feet are
taken from the measured ground reaction forces in a lab-based motion analysis.
However, as we want to predict a new posture we do not have this data and
thus have to predict both motion and the corresponding forces. In our first
paper (Dijkstra & Gutierrez-Farewik 2015), we looked at methods to predict
the external contact forces for given motion of the body segments. The main
goal of the paper was to see if one could use the ZMP method, as used by
Xiang et al. (2009b), to accurately predict the GRFs in gait. From this study
we found that this method would not work well for static postures and decided
to use an optimization method also used by Robert et al. (2013) and Fluit et al.
(2014). Hence, for the foot-floor contact, a simplified version of the approaches
from Robert et al. (2013) and Fluit et al. (2014) was used, representing the
GRF&M by three force and three moment actuators applied at the calcaneus
of each foot. Their controller dynamics was a simple linear relation between
control and the optimal force or moment of the actuator. The optimal force of
the GRF&M actuators were set based on the weight of the subject.
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4.2. Optimization problem formulation

In this section all the input to the fmincon optimization function are explained
for this posture optimization problem.

4.2.1. Design variables

The 85 design variables in this posture optimization problem were the gener-
alized coordinates qi (19), the activation values of muscles αi (54), and the
controls values of GRF and GRM actuators ai (12). Bounds on the design
variables, already defined in the model file, were the ranges of motion (ROMs)
of the joints and the activation/control limits of the muscles, 0.01 ≤ α ≤ 1,
and the GRF&M actuators. For the force and moment actuators, acting at the
calcaneus of the feet, further limitations were posed by additional constraint
equations.

4.2.2. Constraints

The main constraint (Eq. 4.1) was the nonlinear equality constraint that en-
sured the model to be in static equilibrium by enforcing generalized coordinate
velocities (q̇) and accelerations (u̇), and muscle lengthening velocities (l̇) to be
zero.

⎧⎨
⎩
q̇
u̇

l̇

⎫⎬
⎭ = 0 (4.1)

The two horizontal pelvis translations and rotation around the longitudinal
axis of the pelvis segment were locked in three linear equality constraints to
ensure unique body configurations. These constraints were not implemented in
the OpenSim model itself, in order to avoid the introduction of constraint forces
that could affect the derivative computation performed in OpenSim. Also, the
trunk rotation about the longitudinal axis is constrained to zero to reduce the
number of free dofs.

In standing posture, as defined for this problem, the feet were to remain flat
on the floor. This requirement was implemented by constraints on the vertical
position of the center of the calcaneus segments as well as the metatarsal joints’
locations in the global reference frame.

Since the model has no collision detection, an extra constraint was neces-
sary to prevent the feet to overlap. Here, it was decided to limit each foot to not
change side with respect to its contra-lateral foot, avoiding postural solutions
with crossed legs.

The friction forces—GRF actuator forces acting tangentially with respect
to the floor—were constrained to fulfill the equation of static friction
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μFN ≥ Ft (4.2)

where μ = 0.5 was chosen as the static friction coefficient, Ft the tangential
force, which is perpendicular to the force FN normal to the ground (Robert
et al. 2013).

Tangential forces should cancel out each other such that the net external
force is a pure normal force, introducing two additional equality constraints
(Eq. 4.3).

FR
t = −FL

t (4.3)

Also the GRM about the vertical axis is bound by the other GRF&Ms at each
foot as described below (Eq. 4.4).

My = −
(
FxMx + FzMz

Fy

)
(4.4)

The center of mass (CoM) of the body is constrained to remain within the
base made up by the two feet using the virtual markers that outline the plantar
surface of each foot.

4.3. Initial guess

To find an appropriate initial guess for the posture optimization, an optimiza-
tion with constant cost was performed. This dummy optimization with con-
stant objective found a, from hereon referred to as, dummy optimization result,
that complied with all the constraints without optimizing any cost function.
This means that the dummy optimization result can be anything within the fea-
sible set made up by the constraints of the optimization problem. The initial
guess is hereby defined as the values for all the design variables fed into one
particular run of the fmincon algorithm, leading to an optimization result,
seen as a function of this initial guess.

Sensitivity to the dummy optimization result was investigated by perform-
ing the dummy optimization with a variety of initial guesses. For each type
of design variable, a set of initial guesses were evaluated. For the generalized
coordinate’s sensitivity, ten postural configurations ranging from completely
upright and wide base to crouch standing were taken. The effect from the
initial muscle activation values were checked per muscle group. Muscle groups
were based on the generalized coordinates in a symmetric fashion, e.g. hip flex-
ors for both left and right is one group. These initial dummy optimization runs
with fmincon were based on 15 sets: one standard set where initial muscle ac-
tivation values were set to their lower bound 0.01 and 14 sets where the muscle
activation values in the respective muscle group were set to 0.5. The ground
reaction actuator control sensitivity was investigated using four sets: one in-
troducing an asymmetric vertical GRF, one starting with a maximum friction
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force in the medial direction, and two where the GRM about the medio-lateral
axis representing GRF application points at the toes or heels was modified.

4.4. Evaluation of optimization problem

Several test runs were performed to evaluate the optimization results. One of
these tests involved small perturbations to the initial guess for the optimization
problem. These perturbations were related to the best solution obtained so
far, i.e., the optimization result with lowest cost function. This was obtained
with a very large set of initial guesses, where it is noted that a rather large set
of wide varying optima were found for these.

4.4.1. Parameter perturbation

A reliable optimization formulation for a well-posed problem is expected to re-
turn to the same optimization result if a previously found optimum is slightly
perturbed for a new initial guess, or if a previous initial guess is slightly per-
turbed. These facts reflect the situation at a well-conditioned minimization
problem of a convex sink region of some width around the minimum point.
Therefore, design variable perturbations were introduced in the initial guesses
in relation to a previously obtained optimization result and n+1 optimization
problems were solved, where n is the number of activation and control design
variables in the optimization problem. First, an optimization problem was
started from the best solution. This problem was expected to accept the same
solution as result. Next, n additional optimization problems were solved where
the i-th design parameter of the best solution was changed by δ = +0.001. The
sensitivity of the setting was evaluated from the differences in optimization re-
sults obtained for these cases. We further denote the optimal results obtained
for simulations where the best solution was perturbed and used as initial guess
as perturbation solutions.

4.4.2. Inclusion of CoM height constraint

Introducing an additional constraint to the problem that is violated by the
current best solution will affect the optimization result. The result changes
and this implicitly means that the cost of the objective function should go up.
To test our best solution we added an inequality constraint on the height of
the CoM (4.5)

yCoM ≥ 0.9878 (4.5)

to the optimization problem. The CoM height of yCoM ≥ 0.9878m was chosen
such that it was slightly higher than the height of the CoM in our best solution.
The optimal solution obtained for the optimization problem with an added
constraint is further denoted as a perturbed constraint solution.





CHAPTER 5

Optimization result variability

The OpenSim model was used in a MATLAB optimization routine to solve
for the optimal posture. However, because the model has high redundancy
and dependency in its state variables, there is not one clear solution to each
optimization problem.

The variations in the found solutions are evaluated, starting with the sensi-
tivity of the optimization result to the initial guess given to the algorithm and
followed by a sensitivity analysis of the solution to the design variables from
the best solution.

5.1. Best found solution

From the manually generated initial guess sets, several reasonable dummy op-
timization results were found. After using these as initial guess in the opti-
mization problem, finally one solution stood out as the best solution. The
best solution was chosen based on the objective function value and the general
configuration of the body. Posture criteria were that it should be close to the
standing posture used by most individuals, meaning upright and feet relatively
close together. The best solution’s function value was f = 0.00677 and CoM
height was yCoM = 0.9877m. A graphical representation and the corresponding
joint angles can be seen in Fig. 5.1.

5.2. CoM constraint

We added the constraint in Eq. (4.5) to the optimization problem and started
the algorithm run with the best solution as initial guess. As expected, the cost
increased and was, after three consecutive runs of the algorithm, f = 0.0068.
The height of the CoM was higher than the constraint value, indicating it was
not ’hanging’ on the newly added constraint. The perturbed constraint solution
was another local minimum (Paper 2 Fig. 2) not too far from the best solution.
It is noted that this solution, as opposed to the one in Fig. 5.1, shows a slight
left-right asymmetry.

5.3. Sensitivity analysis

The best solution was perturbed successively in its muscle and actuator design
variables, and the perturbed set used as initial guesses for algorithm runs, using
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Joint angle [Deg]
Right Left

Trunk extension 16.6
Trunk bending 0.0
Pelvic tilt -20.2
Pelvic list 0.0
Hip flexion 19.7 19.7
Hip adduction -3.2 -3.2
Hip rotation 8.5 8.5
Knee flexion -0.9 -0.9
Ankle dorsiflexion 0.8 0.8

Figure 5.1: Best solution to posture optimization problem with f = 0.00677 and yCoM = 0.9877m.

the basic set of cost functions and constraints. The solutions to these perturbed
problems were compared to the best solution. We found, apart from the best
solution as initial guess returning to the identical solution, that only two of
the perturbations returned to a solution that was nearly identical to the best
solution. Two perturbation solutions, however, drifted far away from the best
solution and were considered as outliers in the analysis.

The function values were bound by the best solution f = 0.00677 and
f = 0.016 as upper bound, except two perturbations which had solutions with
high function value: f = 0.781 and 1.796. These were also characterized by a
relatively low standing posture with a wide BoS, i.e., a large distance between
the feet. From Fig. 5.2a, it seems that there are two classes of solutions, and it
can be seen in Paper 2 Fig. 4 that the relation between the function value and
the generalized coordinate values in the perturbation solutions is more regular
for the higher function value group. Apart from a very slight asymmetric
activation of the gluteus maximus (Paper 2 Fig. 5), there is no apparent group
difference in the perturbation solutions.

The worst outlier was a result of the perturbation to the right quadri-
ceps femoris muscle activation, and the best perturbation result came from
perturbing the control parameter for the right external moment about medio-
lateral axis (z-axis), their resulting postures shown in Fig. 5.2 b and c. The
other perturbation almost leading back to the best solution was the one to the
right rectus femoris activation. It should be noted here that the worst out-
lier (Fig. 5.2c) was asymmetric in its state variables, compared to an almost
perfectly symmetric posture for the best perturbation solution.

Like the spread in function value, there was also a significant variation in
the body configurations, even between close function values (Paper 2 Fig. 4).
Most apparent were the variations in hip abduction and rotation.
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Figure 5.2: Function value spread from perturbations excluding the two outliers at f = 0.781 and
1.796 (a). Standing posture for best (b) and worst (c) perturbation solution from perturbation
runs where (b) resulting from perturbation of external moment about z-axis at right foot, and (c)
from perturbation of quadriceps femoris on right leg.

In contrast to the generalized coordinates, we observed an almost linear
relationship between the muscle activations and the function value (Paper 2
Fig. 5).





CHAPTER 6

Conclusions and outlook

6.1. Conclusions

This work mainly addressed the complications in the creation and analysis of
a posture prediction framework using the fmincon optimization function in
MATLAB in conjunction with a musculoskeletal model in OpenSim. From the
multitude of optimization runs, one clear local minimum was found in the form
of a symmetric standing posture. Nevertheless, the presence of many other
postural configurations, each representing its own unique local minimum in the
feasible parameter space, were revealed in the perturbation analyses.

6.1.1. First study

The first study evaluated whether we could use the ZMP method, introduced
by Xiang et al. (2009b), to accurately determine the contact loads at the feet
during normal walking and showed that one can use a computationally inexpen-
sive method that does not require complicated modelling or a priori knowledge
of common kinetic patterns to reasonably predict the GRFs during walking.
Compared to other methods the use of the ZMP performs well in predicting
the vertical and medial-lateral forces but not as well in the AP direction. We
also found that this method was not suitable for GRF predictions in static or
nearly-static postures.

6.2. Outlook and future work

Due to the complexity of the posture prediction framework, we did not imple-
ment all analyses as intended from the project start. Also, during the work,
several new aspects to explore came to light. Below, these topics for future
work are shortly discussed.

6.2.1. Objective function

In this study we used the sum of muscle activation squared as the objective
function to find a posture. This implies that we only consider a function related
to the energy consumption. Together with the complex interdependence of
muscles and generalized coordinates in the musculoskeletal model, this might
explain why our generalized coordinates can take many different values for
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almost identical function values. Other researchers have combined two or more
functions in their prediction optimization problems leading to solutions of the
Pareto front type (Marler et al. 2009), i.e., a continuous set of, in some sense,
optimal solutions depending on individual momentary preferences. It is thought
that the introduction of MOO could provide insight in how to mathematically
describe different aspects of standing posture.

6.2.2. Stability analysis

Based on the behaviour of the perturbation simulations, one might think that
the model in its current setting is unstable, but other than static equilibrium
and bounds on the CoM and external forces and moments, no constraint dealt
with the stability of the human musculoskeletal model. In the posture optimiza-
tion problem formulated in this study, standing posture was, by constraints,
merely defined as a musculoskeletal model in static equilibrium where both feet
remain flat on the floor. Therefore, to be able to evaluate the stability of this
model, further research is required to formulate the mathematical definition of
stability in this optimization problem setting.

6.2.3. Optimization algorithm

To solve the posture optimization problem, we have been using the fmincon

function in MATLAB and, although this solver is well tested and frequently
used, there are possibly other solvers that are better suited for this kind of
problem, characterized by a high level of redundancy as well as interdepen-
dence of model parameters. Lee & Umberger (2016), for example, compared
the fmincon solver from MATLAB against an open source IPOPT solver and
found that the latter was many times faster because it could make use of infor-
mation on the sparsity of the constraint Jacobian. Another potential method
to solve the problem is the MMA algorithm developed by Svanberg (1987) for
structural optimization problems, and which enables the user to have a stronger
control of the convergence properties of the overall optimization process. Ge-
netic algorithms have been tested for the present problem, but this approach
has so far not been seen to offer any advantages.
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Davis, R. B., Õunpuu, S., Tyburski, D. & Gage, J. R. 1991 A gait analysis data
collection and reduction technique. Human Movement Science 10, 575–87.

Delp, S. L., Anderson, F. C., Arnold, A. S., Loan, P., Habib, A., John, C. T.,

33



34 References

Guendelman, E. & Thelen, D. G. 2007 OpenSim: open-source software to
create and analyze dynamic simulations of movement. IEEE Transactions on
Bio-medical Engineering 54, 1940–50.

Dijkstra, E., Verdonschot, N., Rachmat, H. & Koopman, B. 2012 Force de-
pendent six dof model of the intact knee for The Anybody Modeling System.
Journal of Biomechanics 45, S371.

Dijkstra, E. J. & Gutierrez-Farewik, E. M. 2015 Computation of ground reac-
tion force using Zero Moment Point. Journal of Biomechanics 48, 3776–81.

Dorn, T. W., Lin, Y.-C. & Pandy, M. G. 2012 Estimates of muscle function in
human gait depend on how foot-ground contact is modelled. Computer Methods
in Biomechanics and Biomedical Engineering 15, 657–68.

Erdemir, A., McLean, S., Herzog, W. & van den Bogert, A. J. 2007 Model-
based estimation of muscle forces exerted during movements. Clinical Biome-
chanics 22, 131–54.

Eriksson, A. & Svanberg, K. 2011 Optimization in simulations of human move-
ment planning. International Journal for Numerical Methods in Engineering 87,
1127–47.

Farahani, S. D., Bertucci, W., Andersen, M. S., Zee, M. D. & Rasmussen,

J. 2015 Prediction of crank torque and pedal angle profiles during pedaling
movements by biomechanical optimization. Structural and Multidisciplinary Op-
timization 51, 251–66.

Fluit, R., Andersen, M. S., Kolk, S., Verdonschot, N. & Koopman, H. F.

J. M. 2014 Prediction of ground reaction forces and moments during various
activities of daily living. Journal of Biomechanics 47, 2321–29.

Fluit, R., van der Krogt, M. M., van der Kooij, H., Verdonschot, N. &

Koopman, H. F. J. M. 2012 A simple controller for the prediction of three-
dimensional gait. Journal of Biomechanics 45, 2610–17.

Günther, M. & Wagner, H. 2016 Dynamics of quiet human stance: computer
simulations of a triple inverted pendulum model. Computer Methods in Biome-
chanics and Biomedical Engineering 19, 819–34.

Hamner, S. R., Seth, A. & Delp, S. L. 2010 Muscle contributions to propulsion
and support during running. Journal of Biomechanics 43, 2709–16.

Hatze, H. 1974 The meaning of the term ’biomechanics’. Journal of Biomechanics
7, 189–90.

Hicks, J. L., Uchida, T. K., Seth, A. & Delp, S. L. 2015 Is My Model Good
Enough ? Best Practices for Verification and Validation of Musculoskeletal Mod-
els and Simulations of Movement. Journal of Biomechanical Engineering 137,
020905.

Hill, A. V. 1938 The heat of shortening and the dynamic constants of muscle.
Proceedings of the Royal Society of London. Series B, Biological Sciences 126,
136–95.

Hof, A. L., Gazendam, M. G. J. & Sinke, W. E. 2005 The condition for dynamic
stability. Journal of Biomechanics 38, 1–8.

Johansson, R., Fransson, P.-A. & Magnusson, M. 2009 Optimal coordination
and control of posture and movements. Journal of Physiology, Paris 103, 159–
77.



References 35

Koopman, B., Grootenboer, H. J. & de Jongh, H. J. 1995 An inverse dynamics
model for the analysis, reconstruction and prediction of bipedal walking. Journal
of Biomechanics 28, 1369–76.

Kuo, A. D. 1995 An optimal control model for analyzing human postural balance.
IEEE Transactions on Bio-medical Engineering 42, 87–101.

Kuo, A. D., Speers, R. A., Peterka, R. J. & Horak, F. B. 1998 Effect of
altered sensory conditions on multivariate descriptors of human postural sway.
Experimental Brain Research 122, 185–95.

Kuo, A. D. & Zajac, F. E. 1993 A biomechanical analysis of muscle strength as a
limiting factor in standing posture. Journal of Biomechanics 26, 137–50.

Lee, L.-f. & Umberger, B. R. 2016 Generating optimal control simulations of
musculoskeletal movement using OpenSim and MATLAB. PeerJ 4 (e1638).

Lidbeck, C. M., Gutierrez-Farewik, E. M., Broström, E. & Bartonek, Å.
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Vukobratović, M. & Borovac, B. 2004 Zero-Moment Point — Thirty five years
of its life. International Journal of Humanoid Robotics 1, 157–73.

Wagner, D. W., Stepanyan, V., Shippen, J. M., Demers, M. S., Gibbons, R. S.,

Andrews, B. J., Creasey, G. H. & Beaupre, G. S. 2013 Consistency among
musculoskeletal models: caveat utilitor. Annals of Biomedical Engineering 41,
1787–99.

Winter, D. A. 2009 Biomechanics and Motor Control of Human Movement , 4th
edn. Wiley, Hoboken, New Jersey.

Xiang, Y., Arora, J. S. & Abdel-Malek, K. 2009a Optimization-based motion
prediction of mechanical systems: sensitivity analysis. Structural and Multidis-
ciplinary Optimization 37, 595–608.

Xiang, Y., Arora, J. S. & Abdel-Malek, K. 2010 Physics-based modeling and
simulation of human walking: a review of optimization-based and other ap-
proaches. Structural and Multidisciplinary Optimization 42, 1–23.

Xiang, Y., Arora, J. S. & Abdel-Malek, K. 2011 Optimization-based prediction
of asymmetric human gait. Journal of Biomechanics 44, 683–93.

Xiang, Y., Arora, J. S., Rahmatalla, S. & Abdel-malek, K. 2009b
Optimization-based dynamic human walking prediction: One step formulation.
International Journal for Numerical Methods in Engineering 79, 667–95.

Zajac, F. E. 1989 Muscle and tendon: properties, models, scaling, and application
to biomechanics and motor control. Critical Reviews in Biomedical Engineering
17, 359–411.

Zajac, F. E., Neptune, R. R. & Kautz, S. A. 2002 Biomechanics and muscle
coordination of human walking: Part I: Introduction to concepts, power transfer,
dynamics and simulations. Gait & Posture 16, 215–32.

Zajac, F. E., Neptune, R. R. & Kautz, S. A. 2003 Biomechanics and muscle
coordination of human walking: Part II: Lessons from dynamical simulations
and clinical implications. Gait & Posture 17, 1–17.




