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Abstract— Muscle-driven simulations performed with a mus-
culoskeletal model of the human upper-extremity need to in-
clude closed-loop kinematics to capture the limb’s full mobility
and model the actions of thoracoscapular muscles. On the
OpenSim platform, a single upper-extremity model with closed-
loop kinematics is available: the thoracoscapular shoulder
model (TSM), which only includes muscle-elements crossing
the shoulder-girdle, omitting upper-extremity musculature par-
tially. OpenSim’s native algorithms for subject-specific scaling
of geometric- and muscle-length parameters function insuffi-
ciently for upper-extremity models, whilst inertial- and muscle-
strength parameters are rarely scaled. Subject-specific models
are impossible to validate in vivo, whilst indirect validation
methods are limited.

The goal of this study is to enable future OpenSim users
to perform muscle-driven simulations with adequately scaled,
subject-specific upper-extremity models. This study develops:
(1) A generic model with the closed-loop kinematic struc-
ture of the TSM and all upper-extremity musculature: the
thoracoscapular Delft shoulder and elbow model (TDSEM).
(2) Subject-specific scaling tools for the TSM and TDSEM,
performing geometric- and muscle-length parameter scaling
based on optimization procedures, and inertial- and muscle-
strength scaling based on a total muscle-volume estimation.
(3) A method to estimate maximum isometric directional force
at an end-effector with subject-specific models to indirectly val-
idate the maximum force-generating capacity of these models.

Geometric scaling accuracy is mainly limited by the accuracy
of marker-data used. Both the TSM and TDSEM reached the
desired RMS marker-error of <2cm and an average segmental-
length error of <5%. Muscle-length parameter optimization
fit is comparable to, or better than, studies employing similar
algorithms. Scaled muscle-strength-, and inertial parameters
are not validated, but the accuracy of the muscle-volume
estimates they are derived from was known beforehand. The
indirect validation method is not able to make estimations
within £10% of measured maximum forces. The method
greatly overestimates measured values, regardless of the subject
modelled or model used.

Including upper-extremity musculature in the TDSEM re-
sults in improved muscle-driven analyses compared to the TSM.
This can be improved further by improving the accuracy of
muscle-elements attached to the radius, including ligaments in
the model, and using a constraint to maintain glenohumeral
stability. The presented scaling methods are recommended
over OpenSim’s native methods when scaling the TSM or
TDSEM. The indirect validation method must be improved
before it can be used to inform (in)validating conclusions about
subject-specific models. For this, the effect of a constrained
torso, task-specific practice, and inclusion of trained subjects
on measurements must be evaluated and subject pose must
be recorded. When combined with the stability constraint,
estimation accuracy will likely improve greatly.

I. INTRODUCTION
A. Background

Musculoskeletal (MSK) modelling enables the study of
numerous aspects of human movement and biomechanics
that cannot be measured: providing insight into mechanical
work performed by muscles and loads experienced by joints
or predict kinematic adaptations resulting from pathologies
and surgical interventions [1]-[4]. MSK models subdivide
into skeletal-, joint-, muscle-, and neural models, each de-
scribing different aspects of the biological system [5]. Com-
monly, specialized modelling software — like OpenSim [6]—
[8] or AnyBody [9], [10] — is used.

MSK models of the human upper-extremity need to cap-
ture the complex motion of the shoulder girdle resulting from
simultaneous articulations between thorax, clavicle, scapula,
and humerus. For this purpose, open-loop-, closed-loop-, and
coupled kinematic models have been developed [11]-[14]. In
open-loop kinematic models, the sternoclavicular- (SC) and
acromioclavicular (AC) joint move independently. Closed-
loop kinematic models relate SC- and AC-joint movement
by constraining scapular motion to a surface representing the
thorax: a scapulothoracic (ST) joint. In coupled kinematic
models, scapular and clavicular motion is estimated as a
function of humeral motion, obtained using regressions.

Generic models are MSK models constructed from ca-
daveric data. Measuring all MSK parameters in a model
requires dissection. Cadaveric data either contains averaged
data from multiple specimens, or a fully consistent dataset
obtained from a single, typical specimen. To date, a single,
fully consistent upper-extremity dataset is published [15],
[16]. Generic upper-extremity models employing open-loop,
closed-loop, and coupled kinematic models are available on
the OpenSim platform [14], [17]-[22].

When modelling the behavior of a single subject, parame-
ters in a generic model are adjusted based on subject-specific
data obtained in vivo to account for the morphological differ-
ences between the subject and the cadaveric data contained
in the generic model. It is assumed with subject-specific
modelling that this partial integration improves model va-
lidity, regardless of hereby introduced inconsistencies in the
model’s dataset [5]. The value of parameter personalization
is determined by; the task-dependent sensitivity of simulation
results to variation in a parameter [23]-[36], the inter-
individual variability of a parameter [37]-[44], and the



parameter’s measurability — given by the costs and accuracy
of in vivo measurement [5]. Current subject-specific scaling
methods fall into one of four categories:

e Geometric scaling adjusts joint- and muscle-attachment
site locations in the skeletal model. Commonly, this is
based on medical imaging or marker data [2], [45]-[55].

o Muscle-length scaling adjust the length-dependent prop-
erties in the Hill-type [56], [57] muscle-model: optimal
fiber length and tendon slack length. Both parameters
are highly influential and troublesome to measure in
vivo [28], [29]. As such, it is currently best practice
to maintain the normalized operating range — defined
by these parameters — of the generic model’s muscles
in a scaled model through the use of an optimization
algorithm [58]-[60].

e Muscle-strength scaling adjusts the maximum isomet-
ric muscle-force parameter in the Hill-type muscle-
model. This parameter is estimated using measured
muscle-volumes or maximum isometric and/or isoki-
netic strength trials [61]-[66].

e Inertial scaling adjust the translational and rotational
inertias in the skeletal model. This is based on medical
imaging or regressions [43], [67], [68].

The joint- and neural models are not adjusted with subject-
specific scaling.

B. Problem statements

Problem 1: Muscle-driven simulations of the upper-
extremity need to capture the contribution of the scapula to
the multibody dynamics. To also capture the independent
mobility of the scapula, a closed-loop kinematic structure is
thus required [14], [69]. One generic MSK model employing
a closed-loop kinematic structure is currently available in
OpenSim: the thoracoscapular shoulder model (TSM) by
Seth et al. [14], [17]. In the TSM, only muscles crossing the
shoulder-girdle are modelled. There is no model available in
OpenSim containing both a closed-loop kinematic structure
and a complete and consistent dataset of the human upper
extremity. There is one generic model that has both these
attributes: the Delft shoulder and elbow model (DSEM) [15],
[16], [70]-[72]. The DSEM has not yet been implemented
in OpenSim.

Problem 2: A recommended set of subject-specific scaling
methods, compatible with closed-loop upper-extremity mod-
els in OpenSim, is not available. OpenSim’s native scaling-
tool uses marker-based, Cartesian scale-factors. This scaling-
algorithm is insufficient when used for upper-extremity mod-
els, leading to the use of a custom, unpublished optimization
algorithm by Seth et al. [17]. The muscle-length scaling
algorithm published by Modenese et al. [59] is incompatible
with later releases of OpenSim (4.0 and later) and highly
inefficient for open- and closed-loop upper-extremity models
due to their large mobility. Muscle-strength scaling is rarely
performed based on subject-specific measurements, often
omitting a subject’s force-generating-capacity from subject-
specific models, even though it is highly variable between
subjects [41], [65], [73].

Problem 3: Muscle-forces predicted with subject-specific
MSK models cannot be validated in vivo. Instrumented
joint prosthesis can be used to compare model predicted-
and measured joint-loads, indirectly validating model pre-
dictions [54], [70], [74]-[77]. This strategy cannot be used
when modelling non-instrumented subjects. Electromyogra-
phy (EMG) is commonly used for indirect validation by com-
paring predicted muscle-contractions with measured EMG
activity, or motion- or force measurements to EMG-driven
model-predictions [78]-[84]. Yet, EMG recordings do not
always linearly correspond to muscle-forces, cannot be easily
acquired for all muscles, and can be erroneous [5], [85],
[86], leading to large corrections required in EMG-driven
simulations [87]. Bolsterlee [S] suggested another method
for indirect validation of subject-specific models: comparing
model-predicted- and measured maximum externally exerted
forces in different poses and directions. This method is
not yet implemented. Ideally, multiple indirect validation
methods are combined when assessing subject-specific model
validity.

C. Study outline

The main goal of this study is to facilitate future Open-
Sim users with a scalable, fully consistent, generic upper-
extremity model compatible with muscle-driven analyses,
and a viable indirect validation method for subject-specific
models. To achieve this goal, the thoracoscapular Delft
shoulder and elbow model (TDSEM), a set of easy-to-use
subject-specific scaling tools for the TSM and TDSEM, and
an indirect validation method are developed in this study.
These methods aim to raise the baseline of subject-specific
scaling performance for upper-extremity models in OpenSim,
reducing the chances of drawing incorrect conclusions in
future studies. Data from the shoulder movement database
(SMD) [65], [88] is used for evaluation.

Thoracoscapular Delft shoulder and elbow model: The
TDSEM should be a closed-loop kinematic model con-
taining the only fully-consistent, generic upper-extremity
dataset [15], [16] available. To create this model, the closed-
loop kinematic structure of the TSM and bony-landmark
data from the DSEM are integrated into the model published
as part of the dynamic arm simulator (DAS) project [20]-
[22] containing the fully-consistent dataset. This model is
not identical to the DSEM. Throughout this study, the
performance of this model is compared to the performance
of the TSM. Modelling efforts are deemed successful if
marker errors after identical geometric scaling procedures
are comparable between models, and results of muscle-driven
simulations improve when using the TDSEM over the TSM.

Subject-specific scaling tools: A set of three easy-to-use
scaling tools are developed for marker-based subject-specific
scaling of both the generic TSM and TDSEM. The goal of
these tools is to provide a baseline for subject-specific scaling
performance for the TSM and TDSEM.

The model scaling tool optimizes geometric scaling based
on marker-data provided. Performance is verified by eval-
uating inverse kinematic (IK) fit and comparing estimated-



to MRI-obtained lengths [65] of the clavicle, humerus, and
radius in the subject’s modelled. Given the kinematic data
used, average RMS marker error should not exceed 2cm in
scaled models, and segmental length errors should not exceed
5% of their actual length.

The muscle-parameter optimization tool scales muscle-
length properties to maintain the generic model’s normalized
muscle-operating-range after geometric scaling and does not
require additional data. This tool is a modified version of the
algorithm by Modenese et al. [59]. Obtained optimization-fit
should be better than, or comparable to other studies [18],
[59], [60], and scaled parameters should compare to values
in Penas [60] for the subjects modelled in both studies.

The muscle-volume scaling tool performs muscle-strength-
and inertial scaling based on an estimation of total upper-
extremity muscle-volume made using maximum isometric
strength trials. This method is based on the uniform PCSA
scaling approach by Bolsterlee et al. [65]. This scaling ap-
proach was derived from MRI data of the subjects modelled
in this study. As such, this tool is not validated as the
accuracy of muscle-volume estimates made is known.

Indirect validation method: The indirect validation
method presented tries to implement the validation method
suggested by Bolsterlee [5]. This method recreates the max-
imum isometric force trials in the SMD using an inverse dy-
namical (ID) static optimization (SO) procedure. Similar to
the subjects during measurement, models can freely exert oft-
axis forces and torques: residuals. This procedure assumes
that maximum directional force exertion during these trials
is only limited by the strength of upper-extremity muscles. It
is hypothesized that the lowest prescribed directional force
resulting in SO-failure due to insufficient muscle-element
strength matches the force-generating capacity of the subject
at the hand if the model is sufficiently scaled. Thus, estimated
maximum forces of subject-specific models created in this
study are expected to be more similar to measured values
than estimations obtained with a generic model. The desired
accuracy of this method is for the error between estimated-
and measured maximum directional forces to be of similar
magnitude as the variability of the measured maximum force
between attempts: about 10% of the maximum force. If
successful, this method is another indirect validation tool for
subject-specific models in the arsenal of future modellers. It
should be used in conjunction with EMG- and kinematics-
based indirect validation methods to draw a more informed
conclusion about the validity of these models.

II. METHODS

This section describes the MSK modelling, scaling, and
simulation methods used in this study. It elaborates the data
adopted from the SMD in Section II-A, the generic MSK
models in Section II-B, the normalized Hill-type muscle
model in Section II-C, used subject-specific scaling meth-
ods in Section II-D, and the indirect validation method in
Section II-E.

A. Modelled subjects

All data used in this study for subject-specific modelling is
adopted from the SMD [65], [88]. All five subjects included
in the SMD are modelled in this study.

Used kinematic data contains the location of bony land-
marks in the global frame during motion trials. Their location
is tracked using skin-fixed marker clusters on the thorax,
scapula, humerus, and forearm. Their locations are indicated
in Figure la. Locations of bony landmarks are tracked using
their distance from one of these marker-clusters, obtained
using palpation [89]. The SMD contains this data for two
types of motion tasks: trials of upper-extremity RoM and
activities of daily living (ADL). Accuracy hereof is thus
limited by soft-tissue artifacts (STA), especially for the
scapular marker-cluster [53], [90], [91]. During RoM- and
ADL trials, EMG was recorded.

Force-transducer data adopted contains forces and torques
measured at the handle during maximum isometric force
trials. In these trials, subjects exerted maximum voluntary
force in six directions — upwards, downwards, forwards,
backwards, leftwards, and rightwards — whilst standing up-
right with 90° of elbow flexion. This experimental set-up is
illustrated in Figure 1b. Each subject attempted this twice,
without receiving feedback on force-magnitude. Kinematics
were not recorded during these trials, as the force-transducer
was outside of the range of the motion capture system. EMG
is recorded during maximum isometric force trials.

B. Generic models

1) Thoracoscapular shoulder model: The TSM [14], [17]
models motion of the human upper-extremity using six rigid-
body segments and six joints connecting these segments. In
this model, the thorax is considered a moving base. The
location of all other segments with respect to the base is
defined by 11 generalized coordinates; the model’s total
degrees-of-freedom (DoF). The TSM contains 33 muscle-
elements that cross the shoulder. Figure 2a is a visualization
of the TSM.

The ST joint in the TSM constrains the center-point of the
scapula to an ellipsoid surface attached to the thorax using
two translational- and two rotational DoFs [17]. Figure 2b
visualizes the ST joint. The SC joint is a universal joint
modelled with two DoFs; axial rotation of the clavicle is
constrained. The AC joint is a ball joint modelled as a
point constraint; forcing a point on the scapula and clavicle
to coincide. The glenohumeral (GH) joint is modelled as
a gimbal joint with three DoFs, following ISB standard
coordinates [92]. The humeroulnar (HU) joint is modelled
as a hinge joint with one DoF. The radioulnar (RU) joint is
modelled as a pivot joint with one DoF.

Segment dimensions and joint locations originate from
Holzbaur et al. [93]. Inertial properties are adopted from the
DSEM cadaver [15], [16].

Muscle-elements in the TSM are an aggregation of
the muscle-bundles crossing the shoulder-girdle in the
DSEM [71], [72]. Their paths are altered using wrapping sur-
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Fig. 1: (a): The marker-cluster positioning used to collect the kinematic data presented in the shoulder movement database (SMD) [65],
[88]. Bony landmark locations were tracked with respect to these clusters using their palpated [89] distance with respect to one of these
clusters. (b): Experimental set-up during maximum isometric force trials. Whist standing upright with 90° of elbow flexion, subjects
exerted maximum voluntary force in the six illustrated directions. Kinematics were not recorded during these trials. Force-transducer
measurements during these trials are presented in the SMD. Figures are adopted from Bolsterlee et al. [65].
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Fig. 2: (a): The updated version of the generic thoracoscapular shoulder model (TSM) [14] used in this study. (b): The scapulothoracic
(ST) joint [17] — this joint constrains the center-point of the scapular body (indicated by the pink marker) to a thorax-fixed ellipsoid surface
(the blue wire-frame) using four degrees-of-freedom (DoF). (¢): The OpenSim model present in the dynamic arm simulator (DAS) project’s
distribution [20]-[22]. (d): The marker-set added to the DAS model from the Delft shoulder and elbow model’s (DSEM) dataset [15],
[16], [70]-[72]. (e): The generic thoracoscapular Delft shoulder and elbow model (TDSEM) presented in this study — integrating the ST

joint (Fig. (b)) and DSEM markers (Fig. (d)) into the DAS model (Fig (c)). All renders shown are captured in OpenSim 4.1 [6], [8]

faces, to comply with moment-arm boundaries from Ackland
et al. [14], [94].

To this model, two alterations were made in this work:
First, a cylindrical wrapping surface from the DSEM [16]
was added to ensure that the muscle-element representing the
triceps brachii caput longum produces an elbow-extension
moment with a flexed elbow. Second, the default ranges of all
generalized coordinates are adjusted based on the minimum
and maximum values present in IK simulations of all RoM
trials in the SMD - this greatly improves the performance
of the muscle-length scaling algorithm (Section II-D.2).

2) Thoracoscapular Delft shoulder and elbow model:
The TDSEM integrates the previously described kinematic
structure of the TSM into the OpenSim model from the
DAS-project (Figure 2c) and adds bony-landmark data from
the DSEM cadaver [15], [16] (Figure 2d). The TDSEM

contains 138 muscle-elements crossing the shoulder and
elbow. Figure 2e is a visualization of the TDSEM.

To integrate the ST joint into the DAS model, the minor
radii of the ellipsoid joint-surface were altered to the value of
the minor radius of the ST contact surface in the DSEM [72].
This adjustment corrected for the difference in thoracic di-
mensions between both models. The SC joint in the TDSEM
differs from the SC joint in the TSM and is modelled
as a ball-joint, allowing axial rotation of the clavicle and
adding one generalized coordinate. The TDSEM’s pose is
thus described with twelve DoFs. Similar to the TSM, default
ranges of generalized coordinates are adjusted based on IK
simulations of SMD RoM trials.

Segment dimensions, joint locations, and inertial prop-
erties of the TDSEM all originate from the DSEM ca-
daver [15], [16].

Muscle-element parameters and wrapping surfaces in the



TDSEM are unaltered from the DAS model, which are con-
sistent with the DSEM cadaver [15], [16]. The computational
Hill-type model of all muscle-elements is updated from the
model by Schutte et al. [95] to the model by Millard et
al. [96].

All palpated [89] marker-locations from the DSEM ca-
daver [15], [16] are added into the TDSEM by transforming
their reported positions in the global coordinate frame to
body-fixed coordinate frames. During this transformation,
joint locations in the model coincided with palpated joint
locations reported — IK RMSE was smaller than 2mm in
this pose.

C. Normalized Hill-type muscle model

In OpenSim, muscles are modelled using the normal-
ized Hill-type muscle model [57]. In Hill-type models,
muscle fibers are represented using a contractile element
(CE) modelling their force-generating capacity and a parallel
elastic element (PE) modelling their elasticity. Tendons are
modelled by a serial elastic element (SE), modelling their
elasticity. The model schematically depicted in Figure 3a.
Forces between the muscle fiber and tendon elements are
always in equilibrium.

Normalized behavior of Hill-type muscle-elements is con-
sistent between individuals [57]. This normalization requires
five muscle-parameters: optimal fiber length {7, tendon slack
length [, maximum isometric contractile force F" . max-
imum contractile velocity l,”,}bar and fiber pennation angle at
optimal muscle-length o]*. Muscle force F'™ is normalized
F™ using E7" .- Equation 1.

. rm

Fm:FT (D
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Muscle length ™ is normalized m using []*: Equation 2.
m=— 2

Tendon length [* is normalized I* using I and can also be
described using tendon strain €!: Equation 3.
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Contraction velocity [™ is normalized [™ using iﬁam: Equa-
tion 4.
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Pennation angle o™ at any muscle-length is calculated using

[*, 1™, and o)': Equation 5.
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Figure 3b graphs the normalized force-length relations of the
muscle-model.

D. Subject-specific scaling tools

Subject-specific scaling in this study is performed with
three scaling tools written in MATLAB [97] using the API
of OpenSim 4.1. The model scaling tool performs geometric
scaling by optimizing segmental scale-factors such that 1K
error is minimized. The muscle-parameter optimization tool
performs muscle-length scaling such that the normalized
operating range of muscle-elements is maintained after ge-
ometric scaling. The muscle-volume scaling tool performs
muscle-strength and inertial scaling based on a uniform
muscle-volume scale-factor estimated with a measure of the
subject’s mean maximum isometric force exertion. For use of
these scaling tools, the previously described order is required.

1) Geometric scaling: Inputs for the model scaling tool
are a generic model — either the TSM or TDSEM - and
marker-data from a (set of) kinematic trial(s). The output
of the tool is a geometrically scaled version of the generic
model chosen.

For this study, scaled versions of both the TSM and
TDSEM are made for all 5 subjects in the SMD using the
model scaling tool. RoM trials recorded wherein a minimal
number of marker-frames were missing are used as input —
the IK-tool requires thoracic bony landmarks to be defined
(not NaN) at all evaluated time-steps, leading to the linear
interpolation of missing frames in the small number of
instances where this was required. Frames of all trials are
combined and down-sampled at 1 seconds intervals. This
down-sampling greatly decreases optimization time and is
recommended. The interval is chosen such that the entire
range of poses attained by the subject is included.

The total squared marker error of OpenSim’s IK-tool is
evaluated using the markers representing bony-landmarks on
the thorax, scapula, humerus, radius, and ulna. Clavicular
bony-landmarks were ignored, as kinematic data in the SMD
did not include a skin-fixed marker-cluster on the clavicle.
The virtual markers — like the one tracking the GH-joint in
vivo [98], [99] commonly calculated during marker trials —
can also be included, but were not used in this study.

Thorax and scapula are scaled using three separate scale
factors along these segment’s body-fixed axes. The radii of
the ST joint and its location in the thorax are scaled with the
thoracic scale-factors. Long segments; the clavicle, humerus,
and forearm are scaled using a single, uniform factor — radius
and ulna share a scale-factor. The tool uses MATLAB’s
fminsearch algorithm to find the set of these scale factors
that produces the minimum total squared marker error in an
IK-trial.

The model scaling tool allows for a further, separate,
optimization of ST joint parameters: its ellipsoid radii and
location and orientation in the thorax and scapula. This
was not performed for scaled models in this study, as
further reductions of total errors were marginal. In case
the movement studied involves significant spinal bending
or twisting, optimization of these parameters can further
improve kinematic fit [17].
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Fig. 3: (a): Schematic depiction of the Hill-type muscle model, consisting of a contractile element (CE) and parallel elastic element (PE)
representing a muscle body, and a serial elastic element (SE) representing a tendon. Forces transferred between these elements are always
in equilibrium (b): Curves illustrating the normalized behavior of a Hill-type muscle-tendon unit with a pennation angle at optimal muscle
length (ag') of 0. The curves relate the maximum normalized force F™ of the muscle-tendon unit to normalized tendon length It (left)
and normalized muscle-fiber length m (right). In the left-sided plot: the solid line indicates passive tendon-force of the SE and the dashed
lines indicate maximum tendon elongation: [°=1.033. In the right-sided plot: the solid line indicates the maximum active fiber-force of
the CE, the dashed line indicates the passive fiber-force of the PE, and the dashed-dotted line indicates their sum. The red dashed line
illustrates an equilibrium between muscle- fiber and tendon elements during a maximum isometric contraction. Figures are adopted from

Modenese et al. [59].

2) Muscle-length scaling: Inputs for the muscle-
parameter optimization tool are a generic model and a
geometrically scaled version of that generic model. The
output of the tool is a version of the geometrically scaled
model with optimized optimal fiber- and tendon slack length
properties. The tool is a modified version of the algorithm
presented by Modenese et al. [59]. Alterations include:

« Partial updating of the original tool to function with the

latest structure of model-files introduced in OpenSim
4.0 [8].

e Added functionality for proper functioning with the
closed-loop kinematic structure of the TSM and TD-
SEM, and muscle-elements representing the serratus
anterior which’ tendon slack length is zero. This prop-
erty is maintained in optimization.

« Introduction of a limit-value for the total number of
model-poses sampled in optimization, reducing the
number of equally spaced evaluations made per DoF
until this limit is no longer exceeded. This is required
for the muscle-parameter optimization tool to function
on most desktop processors.

 Inclusion of the option to select alternate solving al-
gorithms for the least-squares optimization performed
by the tool. The original algorithm produces unfeasible
optimized parameters for muscle-elements crossing the
ST joint, predicting up to a 2500% increase of tendon
slack length from the generic to the scaled model.

The length of a muscle-tendon-unit {™¢ for any model-
pose is given by it’s pennation angle o™, normalized-
muscle- I and tendon ! lengths at any instance, given the
muscle’s optimal fiber length [ and tendon slack length [%
properties: Equation 6.

™t = {I™ - cos(a™) MM + 1t - 1! (6)

The algorithm samples o, ™, and [! during an equilibrated
maximum isometric contraction of the muscle in the generic
model (subscript g, in Equation 9), and {™" in the scaled
model (subscript s. in Equation 9), in poses with identical
generalized coordinate values. The total number of poses
sampled per muscle n™ is chosen such that the operating
range is sufficiently sampled. n™ depends on the number
of equally spaced sampled per generalized coordinate N,
and the number of generalized coordinates separating the
muscle’s origin and insertion points N;": Equation 7.

™ = (New) (7)
Modenese et al. [59] determined with a lower-extremity
model, that N.,, > 10 was required for convergent optimiza-
tion results. In this work, a limit-value for n™ is introduced:
Nuim- Niim leads to a variable N., between muscles in a
model. This addition is required for upper-extremity muscles
as N,;” < 7, due to the increased mobility compared to
lower-extremity models used previously. This increased mo-
bility results in a sufficient sampling of operating range for
lower values of N,. Thus, for all optimization procedures
discussed in this work N., < 10. Without this introduction,
the algorithm also cannot be performed with upper-extremity
models using most current desktop processors due to expo-
nentially increasing array sizes. Thus, N, is decreased until
nyim 1S no longer exceeded by n'™: Equation 8.

m
n > Nim,

while Ney = Ngy — 1 (8)

The effect of selected ny;,,-value on optimization conver-

gence and optimization time is described in Section III-B.
Using all sampled poses within the generic muscle’s

normalized operating range — 0.5 < [ < 1.5 and o™ < 84°



— the linear system in Equation 9 is constructed [59].
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This linear system is solved for the values of I”* and [%
using a pseudo-inverse. In Modenese’s [59] tool, this solution
was recomputed using a two-step approach if the optimized
It < 0. The two-step approach first optimizes [”* whilst [%
is temporarily fixed to it’s proportion in the generic model,
and than computes [! given the optimized {™. In this work,
functionality is added for the exclusive use of this two-
step scaling approach, as the default least-squares solution
does not yield physiologically plausible values for muscles
crossing the ST joint.

3) Muscle-strength scaling: Input for the muscle-volume
scaling tool is the generic model, the geometrically scaled
version of this model with scaled muscle-length-parameters,
and the mean maximum force measured for the subject
during their maximum isometric force trial. The output of
the tool is the scaled model with scaled muscle-strength-
and inertia.

A muscle-element’s maximum isometric contractile force
E . is calculated with the muscle’s physiological cross-
sectional area PC'SA™ and the maximum stress of muscle-
tissue o,,q,: Equation 10.

Er . =PCSA™ - 0y

max

(10)

PCSA™ is defined by muscle-volume v, pennation angle
at optimal muscle length ", and optimal fiber length [}
Equation 11 [100].

o™ - cos(a™)

PCSA™ = (11)
g
Bolsterlee et al. [65] found a value of o,°,. = 69.4CZ 3

for uniformly-scaled upper-extremity muscles, instead of the
value (o957, = 100 c% ) used to obtain the generic-model’s
E7 -parameters. This the scaling-algorithm corrects this
difference.

First, the subject’s total upper-extremity muscle volume
Vi, 1S estimated using it’s correlation [65] with a subject’s
mean maximum isometrically exerted force F ,.: Equa-
tion 12.

vfm‘, = f(FTSnaac) (7’ = 097)

Second, scale-factor s, is calculated using v;,, and the total

upper-extremity muscle volume of the cadaveric specimen
gen, :
Uy - Equation 13.

12)

13)

Third, muscle-element volume in the generic model v"*9¢"
is calculated with generic muscle-parameters: Equation 14.

m,gen . jm,gen
chlw Zo ’

gen (14)

m,gen _
cos(a™) - oo

v

Fourth, v™9°™" is scaled with s,: Equation 15.

m,sc m,gen

v =8,V (15)

Last, the scaled value of F)” = (F7"5¢), is calculated with

scaled-model muscle-parameters: Equation 16.

Frse ymEe COS(O/on)

max

m,sc a'frfax (16)

o

4) Inertial scaling: Segmental inertias are scaled using
scale-factor s,, see Section II-D.3. Segment mass — transla-
tional inertia — in the scaled model m?*¢ is the segment mass
in the generic model m®9°" scaled with s,: Equation 17.

b,s mb,gen

m”%¢ = s, 17

Segment rotational inertia in the scaled model I®*¢ is the
segment inertia in the generic model I%9¢" scaled with s,:
Equation 18.

Ib’sc = s, .Ib,gen (18)

E. Indirect validation method

1) Static optimization procedure: SO uses an ID approach
to find an actuator-activation (a'™,a”) set satisfying the MSK
model’s system equation (Equation 19), ignoring muscle-
excitation- and tendon-dynamics. This solution is constrained
by prescribed model-states (q) — describing the model’s
pose with generalized coordinates — and their derivatives
(g,9), and prescribed generalized external forces T.,:. The
generalized system equation of a MSK model at any instance
given by it’s mass matrix M (q), Coriolis and centrifugal
force vector C(q, g), gravitational force vector G(q), gen-
eralized muscle-forces T,,, Teyt, and generalized residual-
and reserve force vector 7,.: Equation 19 [6].

M(q)-G+C(q,9) +G(@) = Tm + T + Tewr  (19)

Generalized forces exerted by all muscle-elements
T, depend on each muscle-elements activation
(a™), state-dependent force-generating capacity
f(™(q),1™(q,q),F™ ), and moment arm about each
generalized coordinate 7™ : Equation 20.

N,
T = Y {a™ - FU™(@), 1™( @), i) b

with 0 <a™ <1 (20)

Residual- and reserve actuators are additional, fictional ac-
tuators added into a MSK model to account for modelling
errors that can otherwise result in failed optimization steps.
Residual actuators are added between the MSK model and
the external world to account for reaction forces not- or
incorrectly prescribed in T..;. Reserve actuators are added
to a model’s joints to account for instances where muscle-
elements cannot generate forces required to perform the
prescribed motion. Their generalized contributions 7, are

given by each actuator’s activation a”, optimal value Fy .



and moment arm about each generalized coordinate r:
Equation 21.

N,
T = Z{ar CEy T with —oco <a”" <oo (21)
r=1

Generalized forces exerted by all prescribed external loads
Tzt are given by external force-vector Fefxt and it’s moment
arm about each generalized coordinate =/, and external
torque-vector TV, and it’s component acting along each
generalized coordinate r¢: Equation 22.

Ny Ny
Text = Z{Fefmt : rf} + Z{Tetzt ! Tt} (22)
f=1 t=1

As MSK models contain more actuators than generalized
coordinates, most load conditions can be satisfied by a near-
infinite amount of actuator-activation combinations. As such,
actuator-activation values are determined by optimizing ob-
jective function J, whilst satisfying Equation 19. OpenSim’s
native objective function minimizes the squared activity of
all actuators for each evaluated instance: Equation 23.

an N’"
T=> (") +> (a")? (23)
m=1 r=1
2) Method implementation: The TSM- and TDSEM

generic models (Section II-B) and scaled versions hereof
— scaled to resemble all five subjects in the SMD using
the methods described in Section II-D — are used with this
simulation method. The indirect validation method was thus
performed with twelve separate models.

During static optimization, each model is constrained to
a static pose (q,q = 0), following identical instructions
as the subject did during their maximum isometric force
measurements, see Figure 1b. Figures 2a and 2e are highly
similar to the static poses of all models. As kinematics
were not recorded by Bolsterlee et al. [65] during these
measurements, the model poses used are an approximation
of actual subject-poses.

Six different external loads are applied to each model in
separate simulations. The point of application of all external
loads is at the origin of the hand’s coordinate frame; the
location of the radiocarpal joint in both models. The external
loads contain a uni-directional force-vector ranging from 1
to 400N in 1IN intervals — measured maximal forces ranged
from 46.7 to 366.5N [65]. The direction of this force is
opposite to the intended direction of force exertion. This
way, the model is required to exert force in the direction
of interest to maintain its prescribed static pose. No external
torques are prescribed in any simulation.

During the maximum force measurements, subjects were
free to exert residual forces in directions other than the one
maximized, and residual torques. To allow each model the
same freedom in simulation, residual actuators are added to
the model at the point where external loads are applied.
Two residual actuators exerting force — in both residual

directions — and three residual actuators exerting torque —
along all three main axes — are added in each simulation.
Their optimal values were chosen as 1000N and 1000Nm
respectively, to minimize their influence on optimization
results. Further increasing these values did not significantly
influence optimization results.

In the case of simulations involving the generic- and scaled
versions of the TSM, two reserve actuators are also added.
These reserves are added to the elbow flexion and forearm
pronation coordinates because most muscles crossing these
joints are not included in the TSM. Their optimal values were
arbitrarily chosen as 20Nm and were consistent for both the
generic- and scaled versions of the TSM.

In the case of simulations involving the generic- and scaled
versions of the TDSEM, the coordinate describing clavicular
axial rotation is fully constrained during simulations. As the
TDSEM does not contain an element modelling the conoid
ligament, this was required for muscle-elements attaching to
the clavicle to freely exert force. In the TSM, this DoF is
not present.

III. RESULTS

This section denotes the results of geometric scaling
in Section III-A, muscle-length scaling in Section III-B,
muscle-strength scaling in Section III-C, inertial scaling in
Section III-D, and the indirect validation method in Sec-
tion III-E.

A. Geometric scaling

Geometric scaling of the TSM and TDSEM generic mod-
els is performed for all five subjects in the SMD. Methods
are elaborated in Section II-D.1. Optimization times on an i7-
7700HQ processor range from 40 to 120 minutes. Duration
linearly depends on the number of sampled frames used in
optimization.

The final RMS marker error of the scaling procedure
is reported per subject and model in the top two rows of
Table I. On average, the RMS marker error of the scaling
procedure between the TSM and TDSEM is similar. Overall,
optimization fit is limited by the accuracy of marker-data
provided. Accuracy of the marker-cluster data used is limited
STA’s [53]. STA’s cause large tracking errors for the scapula
and humerus [90], [91]. For future scaling procedures using
similar data, an optimization RMS marker error <2cm is
thus achievable.

Geometric scaling is verified using independent kinematic
data not used in the scaling procedure. This data is an ADL-
trials from the SMD. For subjects 1 and 2, this is a hair-
combing motion. For subjects 3, 4, and 5, this is a motion
of perineal care. The middle four rows of Table I contain
the RMS marker error of the generic- and scaled versions
of the TSM and TDSEM for each subject. These values are
obtained using OpenSim’s IK-tool. The desired kinematic fit
of <2cm is achieved by most scaled models, but never with
the generic model. The percentual change in RMS marker
error between generic- and scaled versions of the TSM and
TDSEM are given in the bottom two rows. For all subjects,



| Subject 1 | Subject 2 | Subject 3 | Subject 4 | Subject 5 | Average |

TSM: Scale optimization RMS marker error [cm] 1.7 1.5 1.8 1.8 2.1 1.8
TDSEM: Scale optimization RMS marker error [cm] 2.0 2.1 1.8 1.8 2.0 1.9
Generic TSM: IK RMS marker error [cm] 3.4 2.8 2.6 2.6 3.2 2.9
Generic TDSEM: IK RMS marker error [cm] 3.2 3.1 2.1 2.3 2.2 2.6
Scaled TSM: IK RMS marker error [cm] 1.8 1.6 2.1 1.9 2.5 2.0
Scaled TDSEM: IK RMS marker error [cm] 2.3 2.5 2.0 1.8 2.0 2.1
TSM: change in RMS marker error [%] —47 —43 —19 —27 —22 —31
TDSEM: change in RMS marker error [%] —28 —-19 -5 —22 -9 —19

TABLE I: Table containing metrics used to evaluate geometric scaling. Scaled versions of the thoracoscapular shoulder model (TSM)
and thoracoscapular Delft shoulder and elbow model (TDSEM) (Section II-B) are created for all five subjects in the shoulder movement
database (SMD) (Section II-A). Scaling is optimized based on multiple motion-trials in which the subjects’ upper-extremity range-of-
motion (RoM) was tested. Inverse-kinematic (IK) root-mean-square (RMS) marker error of the final optimized model is reported it the
top two rows. The middle four rows pertain RMS marker errors from OpenSim’s IK tool when modelling an independent motion trial
not used in optimization. The bottom two rows denote the percentual change in RMS marker error between the generic- and scaled

versions of both models.

RMS error decreases when using scaled models. On average,
RMS error magnitudes of TSM-based and TDSEM-based
scaled models are comparable. A larger percentual decrease
in RMS error is observed for TSM-based models due to the
worse kinematic fit of the generic model for most subjects.

For scaled versions of the TDSEM, scale-factors of
long segments — clavicle, humerus, and forearm — can
be validated using segment-length-ratios between subject-
and cadaveric MRI-data [65]. On average, clavicle length
is overestimated 4.4£8.2% or 5.99£11.75Smm. Note that
no clavicular markers are used in the scaling procedure.
On average, humerus length is overestimated 4.3+2.1% or
14.17+£7.48mm. On average, radius length is underestimated
1.3£4.6% or 3.81£11.81mm. Note that the radius the model
is scaled using a scale-factor shared with the ulna. For most,
but not all, scaled segments, the desired accuracy of 5% is
thus achieved.

B. Muscle-length scaling

1) Effect of limit-parameter and scaling algorithm: The
effect of the introduced evaluated-poses-limit parameter is
evaluated using the default scaling algorithm by Modenese et
al. [59] (Figure 4a) and using the two-step scaling algorithm
exclusively (Figure 4b). These results are obtained using
two scaled versions of the TSM: representing subjects 3
and 5 in the SMD. Optimization times of muscle-elements
are comparable for both scaling algorithms and depend on:
1. the number of DoFs crossed by muscle-element origin
and insertion, and 2. used limit value — increasing until ten
evaluations per crossed coordinates are made.

Regardless of the scaling algorithm, optimized optimal
fiber length and tendon slack length values quickly converge
for muscle-elements not crossing the ST joint. For muscle-
elements crossing the ST joint — indicated by blue and pink
data in Figure 4 — optimized optimal fiber length and tendon
slack length values are highly variable when using the default
scaling algorithm. Furthermore, the default algorithm results
in scaled tendon slack length values for these muscles not
physiologically plausible [18], [101] — predicting up to a
2500% increase of tendon slack length from the generic

values. Exclusive use of the two-step algorithm resulted in far
more convergent and physiologically plausible scaled values.
Within the sampled range of limit-values, RMS optimization
error did not converge for muscles crossing the ST joint. Yet,
the RMS optimization error for these muscles is very low for
all limit values evaluated.

2) Muscle-length scaling results: For muscle-length scal-
ing of TSM-based scaled models, a limit value of 100,000
poses is used. For TDSEM-based scaled models, a limit
value of 20,000 poses is used. This decrease in poses is
required for successful optimization due to the increased
number of muscle-elements in the TDSEM. Using an i7-
7700HQ processor, scaling a TSM-based model takes about
120 minutes, and scaling a TDSEM-based model about 150
minutes.

Results of muscle-length scaling of the TSM- and
TDSEM-based model for all five subjects in the SMD are
denoted in Table II. Differences in average change between
models are because the generic TSM is smaller and has fewer
muscle-elements than the generic TDSEM. For both models,
scaled optimal fiber length and tendon slack length values
do not linearly correspond to scale-factors from geometric
scaling.

The optimization fit (RMSE) of TSM-based models is
comparable values reported in other works [18], [59], [60].
The optimization fit of TDSEM-based models is, on average,
better. This likely results from the inclusion of muscles
crossing the elbow, which’ optimal fiber length and tendon
slack length is estimated using a low number of poses — 10
or 100 — resulting in a lower RMSE.

Optimization results of TDSEM-based models for subjects
3 and 5 can be compared to the results of Pefias [60]. Pefias
used scaled versions — geometric scaling method differed — of
the DSEM representing both subjects. Results from this study
largely agree with results by Pefias. Changes in optimal fiber
length- and tendon slack length change are similar, though
different in magnitude. These differences are small (<5%)
and originate from the difference in the geometric scaling
method.
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Fig. 4: Plots illustrating the convergence of muscle-length scaling results as a function of the introduced evaluated-poses-limit-parameter
Nyim. (@): Optimization performance using default scaling algorithm by Modenese et al. [59]. (b): Optimization performance exclusively
using a two-step scaling algorithm. Data shown is obtained from optimization of two scaled versions of the thoracoscapular shoulder
model (TSM), representing subjects 3 and 5 in the Shoulder Movement Database. Line color indicates the number of degrees-of-freedom
between muscle- origin and insertion in the TSM N;". Solid lines represent the mean over all muscles in both models sharing the same
Ng"-value. Dashed lines indicate one standard-deviation from this mean.

[ [ Subject1 | Subject2 | Subject3 [ Subject4 [ Subject5 |  Average |
TSM: [} change [%] +126+6.5 | —16.4+4.3 —44+49 | +11.6 £5.1 4+0.6 £6.0 -
TDSEM: []* change [%] +6.0 £5.8 —2.6 5.5 —1.94+5.8 +2.6 £5.7 +0.1£5.6 -

TSM: I change [%] +184+71 | —11.6 £5.7 | +0.5+5.8 | +22.2+6.3 +5.7£5.8 -
TDSEM: [ change [%] +9.6 £ 6.0 —2.6+5.0 +0.3£5.0 +2.2+56 +0.0 £5.2 -
TSM: Optimization RMSE [cm] 1.194+0.80 1.09 4+ 0.87 1.08 £+ 1.06 1.65 4+ 1.42 1.09 +1.12 1.22 +1.05
TDSEM: Optimization RMSE [cm] 1.02 +0.93 0.36 £ 0.41 0.53 £0.63 0.44+0.44 | 0.35+0.45 | 0.5410.57

TABLE II: Table denoting change in optimal fiber length /2" and tendon slack length I per subject from their generic values: the result
of muscle-length scaling. This was performed with scaled versions of the thoracoscapular shoulder model (TSM) and thoracoscapular
Delft shoulder and elbow model (TDSEM) for all subjects in the shoulder movement database. Root-mean-square-error (RMSE) values
indicate optimization fit. Values reported are the mean and standard deviation taken over all muscle-elements in a model.

| | Subject1 | Subject2 | Subject3 | Subject4 | Subject5 | Average |
| Scale factor s, | 1.53 | 0.87 | 1.11 | 2.03 | 1.81 | — |
TSM: F], . change [%] —4.7+81 | —26.8+£9.9 | —185+10.5 | +30.24+28.1 | +12.24+9.5 -

TDSEM: F]. . change [%] | +1.5£9.9 | —38.2+£22 —21.3+44 +37.6 £8.7 +25.6 £6.3 -

TABLE III: Table denoting changes resulting from muscle-strength scaling. Scaling is performed with scaled versions of both the
thoracoscapular shoulder model (TSM) and thoracoschapular Delft shoulder and elbow model (TDSEM). Reported changes in maximum
isometric muscle force F},, are with respect to the value in the generic model. Values reported are the mean and standard deviation
taken over all muscle-elements in a model.

C. Muscle-strength scaling herefore, are tabulated in Table III. The duration of this
scaling procedure is less than five seconds.
Muscle-strength scaling is performed with scaled versions Maximum isometric muscle-element strength cannot be

of the TSM- and TDSEM generic model for all five sub-  validated directly. However, the accuracy of muscle-volume
jects in the SMD. Resulting changes in average maximum  estimates obtained using the subject-specific scale-factor is
isometric muscle-element strength, and scale-factors used  known. This accuracy is presented in Bolsterlee et al. [65]
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and compared to MRI measurements of muscle-volume for
the same set of subjects.

D. Inertial scaling

Inertial scaling is performed with scaled versions of the
TSM- and TDSEM generic model for all five subjects in the
SMD using the volumetric scale-factor in Table III. No mea-
sures of segmental inertia are presented in the SMD. Values
estimated by scaling can thus not be directly validated.

When evaluating instances of measured maximum isomet-
ric force exertion using SO, generalized forces — obtained
with OpenSim’s ID-tool — changed less than 0.1% as a
result of inertial scaling. The effect of inertial scaling is thus
negligible for the muscle-driven simulations of the maximum
isometric force trials.

E. Indirect validation method

For the TDSEM, static optimization failure due to insuf-
ficient muscle-element strength happened for forward- and
backward force exertion with scaled models of subjects 2
and 3, and for rightward force exertion with scaled models
of subjects 1, 2, and 3. For all other models and directions,
static optimization failure did not occur in the tested range
of directional forces: 1 to 400N. Static optimization failure
occurs at equal levels of muscle-activation for all TDSEM-
based models. At this activation level, all muscle-elements
capable of exerting force in the intended direction are fully
contracting. Figure 5 illustrates results for forward force
exertion. These results are comparable to other tested di-
rections of force for TDSEM-based models. Estimations of
maximum isometric force exertion that can be made using
the posed method are 50- to 400% larger than measured
maximum forces. Averaged over all directions, the measured
between-subject proportionality of mean maximum direc-
tional forces is introduced in the scaled models. This is
the result of performed muscle-strength scaling. Measured
between-subject proportionality in individual directions is
introduced, as observed in Figure 5.

For the TSM, no static optimization failure due to insuffi-
cient muscle-element strength occurred in any direction for
any model in the tested range of directional force: 1 to 400N.
As such, no estimations are made using TSM-based models.
The lack of observed static optimization failure is the result
of the required reserve actuator inclusion in these models.
Reserve actuator torques are not limited, causing static
optimization failure not to occur as a result of insufficient
strength in muscles crossing the elbow flexion and forearm
pronation DoFs. Measured between-subjects proportionality
of maximum strength is not observed in TSM-based models;
neither in individual directions or on average.

In general, the indirect validation method performs better
with TDSEM-based models than TSM-based models, as
measured between-subject strength proportions are — on
average — observed in TDSEM-based models only. Yet, esti-
mations of maximum force are too dissimilar from measured
values for all models. Any (in-)validating conclusions about
an individual subject-specifically scaled model cannot be

11

made using this method. The desired degree of accuracy for
this method is not reached.

IV. DISCUSSION

This section discusses the TDSEM in Section IV-A, the
subject-specific scaling tools in Section IV-B, the indirect
validation method in Section IV-C, and recommended future
improvements in Section IV-D.

A. Thoracoscapular Delft shoulder and elbow model

On average, the kinematic fit of TDSEM-based- and TSM-
based subject-specific models are comparable. The kinematic
fit attainable with both models is likely limited by STAs
present in the used marker-data [53], [90], [91]. This suggests
that the goal set for the desired kinematic accuracy of the
TDSEM is reached.

It is found that muscle-element attachments and wrap-
ping geometries in the forearm presented in Nikooyan et
al. [16] are incorrectly implemented in the DAS model.
Muscle-elements of the DAS model are directly adopted
in the TDSEM. An example hereof is the insertion of the
brachioradialis’ muscle-elements on the radius: The distance
between the insertion site and the radial styloid location
differs 2.86cm between the DAS model and the DSEM.
The distance between origin sites and the lateral epicondyle
location differs 0.14cm between the DAS model and DSEM.
Whilst the latter difference can be attributed to errors made in
the process of adding marker-data in this study, the former
difference is too large to be fully caused hereby. Similar
observations are made for other muscle-elements attaching to
the radius. Furthermore, the wrapping cylinders representing
the radius are not oriented in the same direction as in the
DSEM, and joint-locations are not identical between models.
Discontinuous muscle-lengths are observed in some IK trials
as a result of these differences. This needs to be addressed
before the TDSEM can be distributed, as it invalidates
the muscle-elements in the forearm. This is best done by
reconstructing the model from DSEM source files.

All muscle-driven simulations described in this study
pertain to the indirect validation method presented. In these
simulations, results obtained with TDSEM-based models
are more in line with expectations than TSM-based model
results: Measured between-subject proportionality in strength
exertion is better observed in TDSEM-based subject-specific
models. This resulted from the inclusion of all musculature
in the arm in the TDSEM, regardless of errors herein. As
such, future muscle-driven simulation results obtained with
TDSEM are expected to be an improvement over results
obtained with the TSM. Muscle-driven simulations with the
TDSEM are more computationally expensive than with the
TSM. The type of task studied should thus be considered
when selecting which of the two generic upper-extremity
models is used.

The TDSEM is not an OpenSim implementation of the
DSEM. Besides the differences in muscle-element attach-
ments and wrapping geometries in the forearm mentioned
previously, there are further differences: First, the ST joint
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Fig. 5: Plot illustrating the result of the indirect validation method for the scaled- and generic version of the thoracoscapular Delft
shoulder and elbow model (TDSEM). Models were tasked to exert force in a forward direction. The horizontal axis denotes prescribed
forward force exertion. The vertical axis denotes the percentual summed muscle activation — 100% indicates all muscle elements maximally
contracting simultaneously. Line color indicates the subject. Solid lines indicate summed muscle activation for a given model at a prescribed
directional force. Dashed vertical lines indicate measured subject-specific maximum force exertion values. Dashed-dotted lines indicate
subject-specific maximum force estimated with the indirect validation method. No estimations are made for subjects 1, 4, and 5, and the
generic model, as static optimization failure did not occur for these models in the sampled range of 1 to 400N.

in the DSEM constrains two points on the scapula — the o Using a model scaled with OpenSim’s native scaling
trigonum spinae and the angulus inferior — to a different tool as input to the algorithm, rather than the un-
ellipsoid surface [72]. The ST joint in the TDSEM constrains scaled generic model. This could lead to the optimizer
one point — the mid-point of the scapula — to an ellipsoid converging to a better minimum or reduce optimization
surface [17] (Figure 2b). Second, the direction of resulting times.

GH joint-force at all evaluated instances is constrained in e Only adjust scale-factors from the native scaling tool
the DSEM such that it is directed into the glenoid surface to that are trusted least. The scale-factors of the thorax,
maintain stability [16], [69]. Such a constraint is not present for instance. This is dependent on the confidence in
in the TDSEM or TSM. Third, ligament elements present in the accuracy of marker-data used. For scapular scaling
the DSEM are not included in the TDSEM or TSM. Fourth, using palpated bony landmarks, the inclusion of the
results obtained from muscle-driven simulations with the processus corracoideus is known to improve scaling
DSEM employ a different load-sharing strategy, minimizing performance [55].

energy expenditure [102], [103] rather than squared activa- o ST joint parameters can be further refined in a scaled
tion. Changes in load-sharing strategy are highly influential model for motions involving significant deformations of
to obtained results [102], [104], [105]. Changes in joint- the thorax, like lateral flexion [14].

forces as a result of altering load-sharing strategy are of

similar magnitude as changes from muscle-strength scaling 2) Muscle-length scaling: The muscle-length scaling al-
[5]. gorithm presented adjusts the tool presented by Modenese

et al. [59] to function with the TSM and TDSEM, and the
latest version of the OpenSim software. These algorithms are
1) Geometric scaling: Most subject-specific models cre- needed to maintain the force-generating capacity of muscle-
ated in this study achieve the desired accuracy in terms elements throughout the full RoM after geometric scaling,
of RMS marker error (<2cm) and segmental length errors  which is insufficiently done by proportionally adjusting opti-
(<5%), The fit of the geometric scaling procedure presented  mal fiber- and tendon slack length properties [58]-[60]. The
is mainly dependent on the accuracy of provided marker- desired optimization fit is reached with scaled versions of
data. Use of this method over the native OpenSim scaling TSM and TDSEM and is comparable to- or better than the
tool is recommended when scaling the TSM and TDSEM  reported fit in other works employing similar algorithms [18],
as ST joint properties scale proportionally to the thoracic  [59], [60].
segment. These greatly influence kinematic fits obtainable It is recommended to always use the presented algorithm
with scaled models. For this scaling, it is recommended after geometrically scaling the generic TSM or TDSEM.
to use marker data that spans a substantial amount of the = When scaling these models, the two-step algorithm should
subject’s RoM. The posed method is likely best suited to be  be exclusively used due to overestimations of tendon slack
used with data from individually placed reflective markers. length made with the default scaling algorithm for muscles
In general, this method provides an easy-to-use marker-based ~ crossing the ST joint. A limit value for the number of
scaling method that sets a baseline for TSM and TDSEM  model-poses is introduced to prevent redundant sampling
scaling performance. of muscle-properties for muscle-elements spanning a large
Geometric scaling can be further improved by: number of DoFs. This limit value needs to be selected

B. Subject-specific scaling tools
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based on hardware limitations, time available for the scaling
procedure, and the number of muscle-elements in the model.

3) Muscle-strength scaling: The muscle-strength scaling
method is based on the strong linear relationship between the
total muscle volume in the upper-extremity and the average
maximum force exerted by a subject [65]. A difference
with the uniform method in Bolsterlee et al. [65] is that
muscle-element volume is scaled based on the optimal fiber
length estimated with muscle-length scaling, rather than a
proportionally scaled optimal fiber length value. The result-
ing differences in scaled maximum isometric muscle-element
strength are small. Scaled maximum isometric muscle-
element strength values obtained with either method cannot
be validated directly.

Applicability of this scaling method when modelling
specifically trained athletes or patients is debatable. Limita-
tions come from the enhanced or impaired ability to exert
force in specific directions, or less uniform distributions
of muscle tissue resulting from specific hypertrophic- or
atrophic adaptations in these subjects [44], [106], [107]. The
applicability of the used linear relationship to these groups
of subjects has not been evaluated.

4) Inertial scaling: The inertial scaling method presented
is based on the same correlation as muscle-strength scaling
and uniformly adjust segmental mass and rotational iner-
tia based on estimated total muscle-volume in the upper-
extremity. Inertial scaling is not present in the uniform
scaling method by Bolsterlee et al. [65]. As inter-individual
in segmental mass and inertia resulting from fat or bone is
not taken into account, scaled values can be considered rough
estimations. These estimations are assumed more similar to
actual subject-specific inertial properties than the generic
ones in most cases. This was not validated for the subjects
modelled.

More accurate estimates of inertial properties can be
obtained using the method by Pataky et al. [108], or DXA
measurements [44], [106]. This is worthwhile when studying
tasks more sensitive to inertial parameters [30], [36], or when
modelling specifically trained athletes or patients whose mass
distribution might substantially deviate from the generic
model’s.

C. Indirect validation method

The indirect validation method presented in this study
attempts to recreate the maximum isometric force trials by
Bolsterlee et al. [65] using a SO procedure. Whilst the
method did function as intended, few estimations could be
made in the ranges of directional forces prescribed: 1 to
400N. Estimations that were made all grossly overestimated
subject-specific maximum forces measured.

Errors in the subject-specific models include incorrect
estimation of the subject’s pose during the trial, incorrect
subject-specific scaling, and errors present in the generic
model. Of these, errors in the generic model are likely most
influential. Isometric force-exertion at the hand is also limited
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by muscles crossing the wrist, rather than upper-extremity
musculature only. Measured peak voluntary moments of
wrist- flexion and extension, and radial- and ulnar devia-
tion [109] are smaller than corresponding torque-directions
measured at the handle by Bolsterlee [65] and likely resulted
in some movement of the subject. The inclusion of muscles
crossing the wrist will likely influence failure loads in
directions primarily loading these DoFs: leftwards, right-
wards, upwards, and downwards. Peak forearm- pronation
and supination torques measured [110] are highly similar in
magnitude to the corresponding torque-direction measured.
Furthermore, the absence of a constraint to maintain GH
stability allows reaction forces in the GH joint that would
cause luxation.

During the simulations, the trunk of each subject-specific
model is fully constrained. During actual measurements,
each subject’s trunk would start rotating or translating if
sufficient force was exerted upon it, which was not allowed
in simulation. Torques measured at the handle during the
trials by Bolsterlee [65] are of similar magnitude as max-
imum isometric trunk torques reported [111]. Thus, forces
exerted during measurements might have been limited by the
subject’s ability to isometrically oppose reaction forces and
torques exerted onto the trunk by the arm. This contradicts
the made assumption that forces exerted onto the handle are
only limited by the strength of upper-extremity musculature.

It is not easy for untrained individuals to maximally
contract muscles, or to determine the most effective method
of exerting directional force without extensive practice or
feedback on performance. This can also have contributed to
the overestimation of maximum force made with the subject-
specific models.

The discrepancy between measured- and estimated maxi-
mum directional forces can be reduced by; improving generic
models through the inclusion of a wrist model and a GH
stability constraint, and altering the measurement procedure
by; constraining the subject’s trunk during measurement,
recording their pose, and using trained individuals. Alter-
natively, maximum isometric force polytopes, similar to
Hernandez et al. [112], can be measured. In that case, the
number of maximum force directions tested increases from
6 to 26.

D. Future recommendations

It is worthwhile to fully reconstruct the generic TDSEM
model from DSEM data before making it available on the
SimTK platform. With this, previously mentioned problems
with the implementation of muscle-attachments and wrap-
ping geometries in the DAS model are likely resolved. This
should be a priority as it limits the validity of results gener-
ated with TDSEM-based models. This would also allow the
similarity between the TDSEM and DSEM to be increased by
implementing an identical closed-loop kinematic structure.
Ligament elements from the DSEM can be integrated using
the ligament-model by Blankevoort et. al [113], available in
OpenSim. To further improve the similarity between TDSEM
and DSEM, the effect of including the GH stability constraint



and using an energy-expenditure-based load-sharing criterion
on muscle-driven simulation results should be evaluated.
Both of these can be implemented in MATLAB — similar
to Akhavanfar et al. [114] —, OpenSim MOCO [115] or
SCONE [116], [117].

Subject-specific scaling methods can be improved further
with methods mentioned earlier in this section. These im-
provements should be made based on the task and subject
studied.

The indirect validation method needs to be improved
before it can be used by future modellers as part of their
methodology to (in-)validate their subject-specific models.
For this, the effect on the measured maximum force at
the handle of constraining the subject’s trunk during mea-
surement, and allowing the subjects to practice the task
should be quantified. Within the set of subjects, strength-
trained individuals — experienced with maximally contracting
muscles — should be included. During measurements, the
pose of each subject needs to be recorded. Potentially, these
measures can eliminate much of the discrepancies observed
in the present study. Within the simulation, the reconstructed
generic TDSEM recommended previously should be used to
create subject-specific models.

V. CONCLUSION

The purpose of this study is to enable future OpenSim
users to perform muscle-driven simulations with adequately
scaled, subject-specific upper-extremity models. For this,
a generic upper-extremity model; the TDSEM, a set of
easy-to-use subject-specific scaling methods, and a method
to indirectly validate subject-specific models by predicting
maximum subject-exerted forces at the hand are developed.

The TDSEM successfully integrates the closed-loop kine-
matic structure of the TSM into the DAS model and is
usable with all muscle-driven analyses available in OpenSim.
Subject-specific versions of the TDSEM were able to achieve
a kinematic fit comparable to subject-specific versions of the
TSM, whilst better introducing measured between-subject
proportionality in simulations of maximum force trials. It
is worthwhile to reconstruct the TDSEM from DSEM data
to correct errors found in the adopted DAS model and
include ligament elements. Future muscle-driven simulations
performed herewith should use a GH stability constraint and
a load-sharing algorithm based on energy-expenditure for
results more similar to the DSEM.

The subject-specific scaling methods developed were able
to reach both the desired IK marker-error and muscle-length-
parameter optimization fit. Muscle-strength- and inertial scal-
ing results could not be validated, but likely decrease the dis-
crepancy between generic- and actual values as this scaling is
rarely performed. Presented methods are recommended over
OpenSim’s native methods when scaling either the TSM or
the TDSEM.

The indirect validation method developed was not able to
(in)validate subject-specific models presented in this study,
due to large overestimations of subject-specific forces mea-
sured, regardless of the subject modelled or generic model
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used. To improve the usability of this method, the effect on
measured forces of constraining the subject’s torso during
measurement, allowing for task-specific practice, and include
trained subjects should be evaluated. The subject’s pose
during these trials should also be recorded. Combined with
the GH stability constraint, this can potentially eliminate
much of the currently present discrepancies in future studies.
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