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Abstract—Existing ‘‘off-the-shelf’’ musculoskeletal models
are problematic when simulating movements that involve
substantial hip and knee flexion, such as the upstroke of
pedalling, because they tend to generate excessive passive
fibre force. The goal of this study was to develop a refined
musculoskeletal model capable of simulating pedalling and
fast running, in addition to walking, which predicts the
activation patterns of muscles better than existing models.
Specifically, we tested whether the anomalous co-activation
of antagonist muscles, commonly observed in simulations,
could be resolved if the passive forces generated by the
underlying model were diminished. We refined the Open-
SimTM model published by Rajagopal et al. (IEEE Trans
Biomed Eng 63:1–1, 2016) by increasing the model’s range of
knee flexion, updating the paths of the knee muscles, and
modifying the force-generating properties of eleven muscles.
Simulations of pedalling, running and walking based on this
model reproduced measured EMG activity better than
simulations based on the existing model—even when both
models tracked the same subject-specific kinematics.
Improvements in the predicted activations were associated
with decreases in the net passive moments; for example, the
net passive knee moment during the upstroke of pedalling
decreased from 36.9 N m (existing model) to 6.3 N m
(refined model), resulting in a dramatic decrease in the co-
activation of knee flexors. The refined model is available
from SimTK.org and is suitable for analysing movements
with up to 120� of hip flexion and 140� of knee flexion.
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INTRODUCTION

Muscle-driven simulations, based on rigid body
models of musculoskeletal structures, offer a practical
and appealing approach for estimating forces that
cannot be measured non-invasively, such as in vivo
musculotendon forces (e.g., Refs. 14,22) and joint
contact forces (e.g., Ref. 11) during walking and other
movements. Over the past thirty years, detailed mus-
culoskeletal models of the human lower extremity have
been developed, iteratively refined, and widely shared,
for example using the OpenSimTM6 open-source sim-
ulation platform or other software. Typically, such
models characterise the three-dimensional (3D) geom-
etry of the bones, the kinematics of the joints, and the
force-generating properties of the muscles for a generic
subject. Force-generating properties of muscles are
parameterised based on experimental data that scale a
normalised Hill-type muscle model (e.g., Ref. 34) to
individual muscles. Thus, existing models generally
reflect the ‘‘best-available’’ descriptions of the muscles’
attachments, moment arms, fibre lengths, and physio-
logical cross-sectional areas (PCSAs), averaged across
specimens or subjects.

Over the years, as more comprehensive data sets
describing the architecture (e.g., Ref. 31) and moment
arms (e.g., Ref. 4) of muscles have been published, and
as refined Hill-type models have been implemented
(e.g., Ref. 23), musculoskeletal models have been tes-
ted and improved. For example, the lower extremity
model originally published by Delp et al.7 was based
on measurements from five cadaveric specimens.12,33

An updated version of this model, published by Arnold
et al.31 incorporated measurements from twenty-one
specimens and better characterised muscles’ origin-to-
insertion lengths and moment arms. A more recent
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version of the model published by Rajagopal et al.25

further updated the muscles’ force-generating proper-
ties based on magnetic resonance (MR) images of
twenty-four healthy young adults.15 However, even the
most up-to-date musculoskeletal models still pose sig-
nificant challenges to users who wish to simulate
movements that involve substantial hip and knee
flexion, as summarized below.

During many movements, such as the swing phase
of running, the upstroke of pedalling, and the early
drive phase of rowing, the hips and knees are flexed
more than 90�. Existing lower extremity models have
three major limitations when analysed over these ran-
ges of motion. The most troubling limitation, perhaps,
is that existing models greatly overestimate the passive
fibre forces developed by the hip and knee extensors,
most notably when the joints are flexed and the mus-
cles are stretched. As acknowledged by Rajagopal
et al.,25 these large passive forces can lead to anoma-
lous compensatory muscle activity in muscle-driven
simulations. Another limitation is that the 3D paths of
some muscles are poorly represented over the ranges of
hip and knee angles commonly achieved by subjects
during running, pedalling, and other movements. For
example, in the model published by Rajagopal et al.,25

the knee flexion moment arm of the lateral gastroc-
nemius is diminished, and the moment arm of the bi-
ceps femoris short head surprisingly switches from
flexion to extension, when the knee is flexed outside the
model’s recommended 120� operating range. Yet an-
other limitation is that the gastrocnemii and other
muscles in these models become too short to generate
active force during portions of the cycle that involve
substantial hip and/or knee flexion. Thus, while many
studies have used simulation-based approaches to gain
valuable new insights into muscle function during
walking (e.g., Ref. 22), the limitations of existing
models must be resolved before such approaches can
be reliably applied to a broader range of tasks.

The overarching aim of this study was to develop a
refined lower extremity model capable of producing
plausible, muscle-driven simulations of fast running and
pedalling, in addition to walking, from motion capture
data and measured reaction forces. In particular, we
sought to generate subject-specific simulations in which
the predicted muscle activation patterns faithfully repro-
duced each subject’s measured EMG recordings while
accurately tracking the subject’s motion data. It has
sometimes been presumed that the anomalous co-activa-
tion of antagonist muscles—commonly found in simula-
tions of tasks involving high hip or knee flexion—is an
unavoidable result of existing tracking algorithms, such as
computed muscle control.27 Here, we hypothesised that
the anomalous co-activation of antagonist muscles could
be reduced if the excessive passive forces generated by hip

and knee extensors in the underlying model were dimin-
ished. To test this hypothesis, we made several important
changes to themodel published byRajagopal et al.,25 and
we demonstrated the value of these changes in three
illustrative examples. The refined model is available from
SimTK.org (https://simtk.org/projects/model-high-flex)
and is suitable for generatingmuscle-driven simulationsof
movements involving up to 120� of hip flexion and 140� of
knee flexion.

METHODS

We made several refinements to the open-source
model published by Rajagopal et al.25 to resolve
problems we encountered when attempting to generate
high-fidelity simulations of fast running and pedalling.
Briefly, the existing model published by Rajagopal
et al. includes rigid body representations of the bones
that reflect the dimensions of an averaged-sized adult
male (mass: 75 kg, height: 170 cm). Adjacent bones are
connected via joints, yielding a full-body model with 37
degrees of freedom (DoF): 6 at the pelvis, 7 in each leg,
and 17 in the torso and upper body. The model is
driven by 80 Hill-type muscle–tendon units (MTUs)
that generate moments about the lower limb joints and
17 ideal torque actuators that move the torso and
upper body. Each MTU is massless and is modelled as
a Hill-type actuator with a single contractile element.23

The muscle fibre is represented by normalised active
force–length and force–velocity curves and a passive
force–length curve; the tendon is represented by a
normalised length-tension curve. These curves are
scaled to each MTU’s maximum isometric force,
optimal fibre length, tendon slack length, and penna-
tion angle at optimal fibre length. Parameters that
specify the force-generating capacity of each MTU are
based on published estimates of optimal fibre lengths
and pennation angles from 21 cadaveric specimens31

and on muscle volumes reconstructed fromMR images
of 21 young healthy subjects.15 In particular, the
maximum isometric force of each MTU is based on an
estimate of the muscle’s physiological cross-sectional
area (PCSA) and an assumed specific tension of 60
N/cm2. As described by Rajagopal et al.,25 the PCSA
of each muscle was determined by dividing the mus-
cle’s volume by its optimal fibre length. The volume of
each muscle was calculated as a fraction of the total
volume of all the lower limb muscles, and these frac-
tions were based on 3D reconstructions of the mus-
culature from MR images, as published by Handsfield
et al.15 The total volume of all lower limb muscles in
the model was estimated from a regression equation
published by Handsfield et al.,15 also derived from MR
images, which predicts lower limb muscle volume
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based on body mass and height. The optimal fibre
length used to estimate each muscle’s PCSA was based
on measurements of raw fibre lengths and associated
sarcomere lengths published by Ward et al.,31 assum-
ing an optimal sarcomere length of 2.7 lm.21

In the current study, we updated the tibiofemoral
kinematics as well as relevant musculotendon paths
and parameters, including tendon slack length and in
some cases optimal fibre lengths, for 22 MTUs (11 per
leg) in the model. We did not change the muscles’
maximum isometric forces. Additional details about
our refined model and test simulations are provided
below.

Modification of the Model’s Knee Kinematics and
Origin-to-Insertion Paths

To support simulation-based studies of pedalling
and other tasks that involve high knee flexion, we
increased the model’s range of knee flexion from 120�
to 140�, and we updated the origin-to-insertion paths
of the knee muscles accordingly. We also resolved a
discrepancy in how motions of the tibia relative to the
femur were defined in two previous models,2,25 both of
which were based on the cadaveric measurements of
tibiofemoral motions published by Walker et al.30 In
our refined model, as in both previous models, the
coupled rotations and translations of the tibia with
respect to the femur are defined as a function of knee
flexion angle. The varus/valgus and internal/external
rotations of the tibia as a function of knee flexion are
identical in all three models; however, the translations
of the tibia in our refined model are generally greater
than those specified in Rajagopal et al.’s model when
the knee is flexed more than about 60�.

After modifying the model’s knee kinematics, we
updated the attachment points and/or wrapping sur-
faces of several MTUs in the model so that the mus-
cles’ moment arms about the knee were more
consistent with moment arms published in the litera-
ture with increasing knee flexion (Fig. 1 and Suppl.
Fig. S1). For example, by making small adjustments to
the cylindrical wrapping surface that constrains the
path of the vastus lateralis over the distal femur, we
prevented this MTU from passing through the femur
when the knee was flexed more than about 130�
(Fig. 1). We also modified, for example, the paths of
the biceps femoris short head and the lateral gastroc-
nemius to prevent these MTUs from passing too close
to the knee axis, and thus potentially generating a knee
extension moment at extreme knee flexion angles
(Fig. 1). Hereafter, our model with the modified knee
kinematics and updated MTU paths—but with the
same force-generating properties as specified by Raja-

gopal et al.25—will be referred to as the intermediate
model.

Development of Test Simulations

We used OpenSimTM v3.36,16 to generate subject-
specific simulations of pedalling, fast running and
walking that tracked experimental data from healthy
adult subjects. The data that we tracked were previ-
ously collected for two different, larger studies. Both
protocols are described in detail elsewhere8,18 and are
only briefly reviewed here. To achieve the aims of the
current study, we conducted detailed analyses of two
representative subjects.

To simulate pedalling, we tracked the kinematics of a
highly-trained female cyclist (age: 32 years, mass:
63.5 kg, height: 167 cm) who pedalled at 80 RPM on a
stationary bicycle (Indoor Trainer, SRM, Julich, Ger-
many) at a constant average crank torque and power of
26 N m and 200 W, respectively. The 3D trajectories of
32 activeLEDmarkers, placed on the pelvis, lower limbs
and pedals, were recorded at 100 Hz (Certus Optotrak,
NDI, Waterloo, Canada). Reaction forces normal (i.e.,
ineffective) and radial (i.e., effective) to the crank were
recorded bilaterally at 2000 Hz using clipless instru-
mented pedals (Powerforce, Radlabor, Freiburg, Ger-
many) attached to rigid sandals. EMG signals were
recorded from 10 lower limb muscles at 2000 Hz using
bi-polar Ag/AgCl surface electrodes (10 mm diameter;
21 mm inter-electrode distance; Norotrode, Myotron-
ics, Kent, WA, USA). EMG signals were collected from
the gluteus maximus (GM), rectus femoris (RF), biceps
femoris long head (BF), semitendinosus (ST), vastus
lateralis (VL), vastus medius (VM), medial gastrocne-
mius (MG), lateral gastrocnemius (LG), soleus (SO) and
tibialis anterior (TA). EMG signals were filtered using
an EMG-specific wavelet analysis28 as described else-
where.29 Five crank cycles from a representative 20 s
trial were extracted for simulation. The subject gave
informed consent, and protocols were approved by the
Institutional ReviewBoards at Simon Fraser University
and Harvard University.

To simulate walking and running, we tracked the
kinematics of one male participant (age: 26 years,
mass: 77 kg, height: 185 cm) who walked and ran at
steady-state speeds of 1.4 and 4 m s21, respectively.
The 3D trajectories of 37 markers (6-14 mm diameter),
placed on the pelvis and lower limbs, were tracked at
250 Hz (Qualisys, Gothenburg, Sweden). Ground
reaction forces were recorded at 1500 Hz using an
instrumented force-measuring treadmill (Tandem
Treadmill, Advanced Mechanical Technology, Water-
town, MA, USA). Whenever a single leg contacted
both force plates simultaneously, a ‘‘force-stitching’’
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algorithm was used to determine the resultant force
and centre-of-pressure vectors from the two force
plates.18 Five gait cycles for each condition were ex-
tracted from 20 s trials and used for simulation. The
subject gave informed consent, and protocols were
approved by the Institutional Review Boards at the
University of Melbourne and the University of
Queensland.

Initially, we generated subject-specific muscu-
loskeletal models by scaling our intermediate model to
each subject’s anthropometric dimensions. We filtered
the subjects’ 3D marker trajectories and measured
reaction forces using a fourth order, low-pass Butter-
worth filter with cut-off frequencies of 10 and 15 Hz,
respectively. For these simulations, we removed the
torso and upper limb segments of the model, along
with the corresponding actuators, and we adjusted the
mass and inertial properties of the pelvis to account for
these changes. We computed the joint kinematics and
the net joint moments for each DoF using inverse
kinematics and inverse dynamics (Fig. 2). We gener-
ated a refined set of kinematics, more dynamically
consistent with the reaction force data, using Open-
Sim’s residual reduction algorithm (RRA). The maxi-
mum root-mean-square errors (RMSE) between our
inverse kinematics and RRA solutions were less than
1.2� (rotational DoF) and 1.1 cm (pelvis translations);
the maximum errors were less than 2.1� and 1.9 cm,
respectively. These errors are within the recommended
tolerances for kinematics obtained from RRA.16 We
used the subjects’ measured reaction forces and
smoothed kinematics from RRA as inputs to Open-
Sim’s computed muscle control (CMC) algorithm,
which used forward integration (time win-
dow = 0.015 s) and a feedback controller to solve for a

set of muscle excitations that reproduced each subject’s
measured movement dynamics.27 Muscle excitations
were bounded between 0 (no excitation) and 1 (full
excitation). The active and passive forces generated by
each MTU were computed in accordance with the
model’s force–length-velocity properties. We set the
maximum shortening velocity of each MTU to
15 lo

m s21 consistent with previous simulations of
walking and running (e.g., Refs. 1,19).

Modification of the Muscles’ Passive Force-Generating
Properties

Careful examination of these initial simulations,
generated using our intermediate model, revealed that
eight MTUs generated ‘‘excessive’’ passive force dur-
ing some portion of the crank/gait cycle. For example,
during the upstroke of pedalling, the knee extensors
generated a passive knee extension moment that was
nearly three times the net joint moment determined
from inverse dynamics. The problematic MTUs that
we identified included the three compartments of the
gluteus maximus, the three vasti, and the rectus fe-
moris and soleus muscles.

To decrease the passive forces produced by these
MTUs, particularly over the more extreme ranges of
hip and knee flexion, we altered parameters that scale
the normalised Hill-type muscle model23 to each MTU.
In particular, we increased the tendon slack length of
each MTU (Table 1)—but we limited these changes to
be smaller than the expected variation reported by
Rajagopal et al.25 To estimate tendon slack lengths for
the existing model, Rajagopal et al. used the mean
measured fibre lengths and sarcomere lengths reported
by Ward et al.31 to specify, for each MTU, a nor-
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malised fibre length and a corresponding tendon slack
length at a ‘‘reference’’ pose, defined as the average
pose of the cadaveric specimen in Ward et al.’s study
(7� hip flexion, 2� hip abduction, 0� knee flexion, and
20� plantar flexion).

In our study, we inferred that the normalised fibre
length of each problematic MTU was likely too long at
this reference pose. Given a ‘‘raw’’ fibre length mea-
surement at a reference pose, we reasoned that an
MTU would operate at a shorter normalized fibre
length, and hence generate less passive force according
to its passive force–length curve, if it had a longer
tendon slack length. Therefore, we re-calculated each
MTU’s normalised fibre length at the reference pose by
allowing the sarcomere length, corresponding to the

measured fibre length, to vary within one standard
deviation of the mean length reported by Ward et al.31

We then re-estimated the MTU’s normalized fibre
length and corresponding tendon slack length at the
reference pose. Importantly, these adjustments that we
made to the tendon slack lengths of the eight MTUs
were not ‘‘arbitrary’’, but instead reflect published
variability in the sarcomere length measurements
across specimens, as quantified by Ward et al.31

In addition to modifying tendon slack lengths, we
updated the optimal fibre lengths of the vastus inter-
medius, vastus lateralis and vastus medialis in our
model to match estimates based on in vivo measure-
ments of sarcomere lengths, obtained via microen-
doscopy, at 50� and 110� of resting knee flexion5;

FIGURE 2. Sagittal-plane images of the refined, subject-specific models during pedalling, walking and running. Each arrow
represents the magnitude and direction of the resultant reaction force vector. Data from the right leg were analysed for this study.

TABLE 1. Proposed updates to the optimal fibre lengths and tendon slack lengths to simulate pedalling, walking, and running.

Muscle

Optimal fibre length (cm) Tendon slack length (cm)

Rajagopal et al.*� Refined Rajagopal et al.*� Refined

Gastrocnemius lateral head 5.9 ± 1.0 6.9 37.6 ± 1.1 37.4

Gastrocnemius medial head 5.1 ± 1.0 5.9 39.9 ± 1.1 38.7

Gluteus maximus (Superior) 14.7 ± 2.4 NC§ 4.9 ± 4.0 8.7

Gluteus maximus (Middle) 15.7 ± 2.6 NC§ 6.8 ± 4.4 10.9

Gluteus maximus (Inferior) 16.7 ± 2.7 NC§ 7.0 ± 4.9 10.3

Rectus femoris 7.6 ± 1.3 NC§ 44.9 ± 1.4 45

Semimembranosus 6.9 ± 1.8 8.6 34.8 ± 2.1 33.5

Soleus 4.4 ± 1.0 NC§ 27.7 ± 1.0 28.1

Vastus intermedius 9.9 ± 2.0 11.7 20.2 ± 2.3 20.5

Vastus lateralis 9.9 ± 1.8 11.7 22.1 ± 1.9 NC

Vastus medialis 9.7 ± 2.3 11 20.0 ± 2.8 20.8

Vastus lateralis 9.9 (1.8) 11.7 22.1 (1.9) 22.1

Vastus medialis 9.7 (2.3) 11 20.0 (2.8) 20.8

*Mean parameters with their expected variation (±SD) as reported by Rajagopal et al.23.
�Values for the intermediate model are identical to those specified by Rajagopal et al.23.
§NC indicates that a value is not changed from that specified by Rajagopal et al.23.
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optimal sarcomere length was assumed to be 2.7 lm
(Ref. 21; Table 1). After making these modifications,
our refined model generated net passive moments at
the hip, knee and ankle that were more consistent with
experimentally-derived net passive moments reported
by Riener and Edrich26 (Fig. 3). The three examples
presented below provide an additional, indirect test of
our proposed parameter values by comparing the
excitation patterns of the model, as predicted by the
CMC algorithm, to those predicted using Rajagopal
et al.’s model and to measured EMG recordings.

Modification of the Muscles’ Active Force-Generating
Properties

Careful examination of our initial simulations also
revealed that the muscle fibre lengths of three MTUs
shortened below the threshold length that defined the
base of the ascending limb of the force–length curve
(0.25 lo

m) in the model. These MTUs, medial gastroc-
nemius, lateral gastrocnemius and semimembranosus,
shortened below their threshold lengths during late
upstroke of pedalling and during the mid-swing phase
of running. We therefore modified the optimal fibre
length, tendon slack length, attachment points and/or
wrapping surfaces of these MTUs, as needed, so that
the muscle fibres operated over more reasonable ranges
of their force–length curves in our simulations. The
optimal fibre lengths of the gastrocnemii were modified
such that muscle fibres reached their optimal lengths at
the ankle angles corresponding to the onset of passive
force, as estimated by Hirata et al.17 via ultrasound
shear wave elastography.

Evaluation of the Refined Model

We used our refined model to track the same
experimental data, and thus generate a new set of
muscle-driven simulations during pedalling, walking
and running. Data from the pedalling simulations were
averaged over five crank cycles, between consecutive
top-dead centres, and data from the walking and
running simulations were averaged over five gait cy-
cles, between consecutive ipsilateral foot strikes. The
simulated kinematics (from CMC) tracked the
smoothed kinematics (from RRA) with maximum
RMSEs that were less than 5.3� and 0.5 cm for rota-
tional DoFs and pelvis translations, respectively;
maximum errors were less than 10.2� and 0.86 cm,
respectively (Fig. 4). These errors are comparable to
those obtained using the intermediate model and are
slightly higher than the recommended tolerances for
kinematics obtained using CMC16; however, the
highest errors were at the subtalar joint, and rotations
at this joint are difficult to quantify given the resolu-
tion obtained from conventional motion capture.25

The time-varying hip, knee and ankle kinematics
obtained using CMC compared very favourably with
the input kinematics, providing confidence that our
simulations reproduced the subjects’ movement
dynamics (Fig. 4).

To evaluate our refined model, we compared the
results predicted using the intermediate and refined
models as follows. For pedalling, we compared the
model-based muscle activations with the subject’s
measured EMG data. For walking and running, EMG
data were not collected as part of the larger study;
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hence, we compared the predicted muscle activations
with previously-reported EMG data during walking
and running at equivalent speeds.14,24 EMG data of
each muscle were normalised to the average peak
activation predicted using the two models. We also
compared the net total, passive and active joint mo-
ments during pedalling, walking, and running—as
predicted using both models—by summing the mo-
ments generated by the individual muscles in each
model.

RESULTS

Both sets of muscle-driven simulations that we
generated, using the intermediate and refined models,
had joint angles and net joint moments that were
consistent with our subjects’ input pedalling, walking,
and running data (Fig. 4). However, the muscle acti-

vations predicted by our refined model reproduced
measured EMG signals substantially better (Figs. 5, 6,
and 7) than those predicted using the intermediate
model, which featured the same tibiofemoral kine-
matics and MTU paths as the refined model, but which
had different force-generating properties for 11 MTUs.
Differences in the muscle activations predicted by the
two models were most pronounced during the upstroke
phase of pedalling (50–100% of the crank cycle), when
the hip flexed more than 90� and the knee flexed more
than 110�. In particular, our refined model predicted
substantially lower activations than the intermediate
model for the RF, BFSH, MG, and LG (Fig. 5). Our
refined model also predicted lower activations than the
intermediate model during the mid-swing phase of
running, when the knee flexed more than 100�—espe-
cially for the ST, MG, LG, and TA (Fig. 6). Notably,
the ‘‘excessive activations’’ of these muscles, as pre-
dicted by the intermediate model, were the result of co-
activating flexors and extensors. For the other portions
of the gait/crank cycle, and for other muscles, the
timing of the predicted activations for both models
were mostly consistent with the EMG signals.

As hypothesised, the anomalous co-activation of
antagonist muscles predicted by our intermediate
model was a result of excessive passive forces, gener-
ated by the hip and knee extensors, at the flexed limb
positions. When we refined the passive properties of
the gluteus maximus, the vasti, and the rectus femoris
to prevent them from generating high passive forces,
we found that the co-activation was greatly diminished
(Figs. 5, 6, and 7). For example, the net passive hip
moment during the upstroke of pedalling, generated
predominantly by the hip extensors, decreased from a
peak of 60.5 N m, using the intermediate model, to
23.8 N m, using our refined model. The net passive
knee moment during the upstroke, generated mostly by
knee extensors, decreased from a peak of 36.9 N m,
using the intermediate model, to 6.3 N m, using our
refined model (Fig. 5). Not surprisingly, these greater
net passive moments from the intermediate model were
associated with the simultaneous generation of sub-
stantially greater net active moments. These ‘‘com-
pensatory’’ active moments were necessarily a result of
the CMC tracking algorithm, which aims to reproduce
net joint moments, as determined from inverse
dynamics.

We observed the simultaneous generation of greater
active moments, to compensate for the greater passive
moments, not only in our simulations of pedalling, but
also in our simulations of walking and running when
we used the intermediate model. This anomalous co-
activation occurred during the early to mid-swing
phase. The net passive moments, along with the co-
activation, were substantially reduced when we used
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our refined model (Figs. 6 and 7). For example, the net
passive knee moment during running decreased from a
peak of 48.2 N m, using the intermediate model, to
8.1 N m, using our refined model. The net passive knee
moment during walking decreased from a peak of
30.2 N m, using the intermediate model, to 12.3 N m,
using our refined model.

The changes wemade to the optimal fibre lengths and
tendon slack lengths of the MG, LG and SM in our
refined model successfully prevented these MTUs from
shortening below0.25 lo

m in the tasks simulated here; this
fibre length represents the base of the ascending limb of
the force–length curve in the Hill-type model proposed
by Millard et al.23 (Fig. 8). For example, when we used
the refined model to simulate pedalling, the fibres of the
MGandLGdid not shorten below 0.37 lo

m at any time in
the crank cycle. By contrast, when we used the inter-
mediate model, the MG and LG fibres shortened below

0.25 lo
m at about 80% of the crank cycle and did not re-

lengthen onto the ascending limb of the force–length
curve until about 10% of the next cycle. Similarly, when
we used the intermediate model to simulate running, the
MG fibres shortened below the base of the force–length
curve between 60 and 65% of the gait cycle, but this did
not occur when we used the refined model.

DISCUSSION

Access to high-quality simulation software, such as
OpenSimTM, has allowed researchers to share detailed
musculoskeletal models with colleagues worldwide.
Given the resources and effort required to develop new
models suitable for multibody simulations, e.g., by
generating 3D reconstructions of bone geometry from
image data or statistical shape models (e.g., Refs. 7,35),
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FIGURE 5. Net total moments (dotted lines) and net passive and active moments (shaded regions) generated by MTUs crossing
the hip and knee, as estimated from muscle-driven simulations of pedalling (left). Net moments estimated using our refined model
are compared to the moments estimated using our intermediate model. Muscle activation patterns (right) predicted from the refined
model (solid black lines) are compared with the activation patterns predicted from the intermediate model (dotted red lines) and
with measured EMG activity (shaded regions) for ten lower limb muscles during pedalling. The ten muscles include gluteus
maximus (GM), rectus femoris (RF), biceps femoris long head (BF), semitendinosus (ST), vastus lateralis (VL), vastus medius (VM),
medial gastrocnemius (MG), lateral gastrocnemius (LG), soleus (SO) and tibialis anterior (TA). Predicted muscle activations were
normalised from no activation (0) to full activation (1). EMG activity was normalised to the peak activation averaged for the two
models.
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by characterising in vivo joint kinematics (e.g., Ref. 13),
or by measuring muscle sarcomere lengths (e.g., Refs.
5,31), establishing an open-source library of generic
‘‘off-the-shelf’’ models is unquestionably appealing.
However, even the most up-to-date models have limi-
tations that are often non-trivial for users to iden-
tify—yet may need to be addressed before the model
can be applied to investigate a new research question.16

The refined lower extremity model described and
tested in this study was motivated, in large part, by
inconsistencies that we uncovered when attempting to
use an existing model to simulate pedalling. In par-
ticular, our preliminary simulations predicted the co-
activation of antagonist muscles, which was inconsis-
tent with measured EMG recordings. We hypothesised
that this co-activation could be resolved if passive
forces generated by the hip and knee extensors were
diminished. To test this hypothesis, we created a re-
fined version of the model that has knee moment arms

and net passive hip, knee and ankle joint moments that
are more consistent with experimental data, over a
broader range of hip and knee angles, than the existing
model. We ran muscle-driven simulations of pedalling,
walking and running using both versions of the model,
and we demonstrated that the muscle activation pat-
terns predicted by our refined model are more consis-
tent with subjects’ measured EMG signals than the
activation patterns predicted by the existing model. We
also confirmed that the net passive moments generated
by the hip and knee extensors are dramatically
decreased in the simulations using the refined model
(Figs. 5, 6, and 7).

We considered several potential strategies to reduce
the high passive forces generated by the hip and knee
extensors in the existing model. Arguably, the simplest
approach might have been to modify the normalised
passive fibre force–length curve for each of the prob-
lematic MTUs, for example, by increasing the passive
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FIGURE 6. Net total moments (dotted lines) and net passive and active moments (shaded regions) generated by MTUs crossing
the hip and knee, as estimated from muscle-driven simulations of running at 4 m s21 (left). Net moments estimated using our
refined model are compared to the moments estimated using our intermediate model. Muscle activation patterns (right) predicted
from the refined model (solid black lines) are compared with the activation patterns predicted from the intermediate model (dotted
red lines) and with published EMG activity (shaded regions) for ten lower limb muscles during running 14. The ten muscles include
gluteus maximus (GM), rectus femoris (RF), biceps femoris long head (BF), semitendinosus (ST), vastus lateralis (VL), vastus
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fibre strain at peak isometric force.23 In both the
existing model and in our refined model, muscle fibres
transmit a passive force equal to the muscle’s peak
isometric force when they are stretched 60% beyond
optimal fibre length. However, we would have needed
to allow muscle fibres to stretch nearly 120% beyond
optimal fibre length to obtain the necessary decreases
in passive hip and knee moments generated during the
upstroke phase of pedalling. Presently, experimental
justification for such an increase is lacking, so we
explored other options.

We also considered increasing, within limits, the
optimal fibre lengths of the problematic MTUs.
However, these lengths are based on the best-available
measurements of sarcomere lengths, so we were hesi-
tant to alter them. We did however, update the optimal
fibre lengths of the VI, VL and VM in our refined
model to match estimates based on recently published
in vivomeasurements of sarcomere lengths obtained via

microendoscopy.5 We also updated the optimal fibre
lengths of the MG and LG to match estimates of fibre
length at ankle angle at which passive forces began to
be detected.17

Ultimately, we decided to increase tendon slack
lengths for eight MTUs in the model that generated
substantial passive force during our preliminary sim-
ulations. These modifications were not made in an
arbitrary manner; rather, they were based on our
preliminary analyses and other information available.
For instance, we limited the changes in tendon slack
length to be less than the expected variation reported
by Rajagopal et al.25 (Table 1), and verified that our
refined model generated net passive moments at the
hip, knee and ankle that were more consistent with
experimentally measured net passive moments26 than
those predicted using the existing model (Fig. 3). We
also showed, for walking, that our refined model gen-
erated net passive moments at the hip, knee and ankle
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that were more consistent with previously reported net
passive moments32 than those predicted using the
existing model, especially during swing phase.

Despite these improvements, our refined model still
has some important limitations. First, while the knee
moment arms of the SM and ST compare favourably
with experimentally measured moment arms over 0–
90� of knee flexion, the moment arms are too small at
the more extreme ranges of knee flexion (Suppl.
Fig. S1). Additional work is required to characterise
the musculotendon paths of the SM and ST over the
functional range of knee flexion. By contrast, knee
moment arms of the vasti, biceps femoris and gas-
trocnemii in our refined model are notably improved
(Fig. 1 and Suppl. Fig. S1).

Second, while the net passive moments of the hip
extensors in our refined model approximate published
experimental data better than the existing model
(Fig. 3), the model overestimates the net passive mo-
ments at hip flexion greater than about 50�. A plausible
explanation for this discrepancy is that the length-
tension properties of relevant tendons are not included
in the model. For example, in both models used in this
study, the three MTUs of the gluteus maximus contain
a ‘‘rigid’’ tendon.25 Yet, over 50% of the gluteus
maximus, by mass, inserts into the iliotibial band; this
fascial structure is more compliant than tendon and is
certainly not rigid.10 Hence, it is likely that the muscle
fibre length changes of the gluteus maximus are over-
estimated in our model, possibly contributing to the
observed high passive hip moments. More sophisti-

cated models of the gluteus maximus have been
developed (e.g., Ref. 10), and need to be adapted for
use in muscle-driven simulations.

Lastly, although our updates to the active force-
generating properties of the gastrocnemii were suc-
cessful in preventing these muscles from shortening
past 0.25 lo

m in our simulations, the predicted fibre
excursions of these muscles—during pedalling, walking
and running—remain far greater than the excursions
measured in vivo using ultrasonography (e.g., Refs.
9,20). In our model, as in other OpenSimTM models,
each MTU is represented by a one-dimensional path,
and all fibres within the muscle are assumed to change
length equally. However, the pennate fibres within the
gastrocnemii have a distribution of lengths31 and mo-
ment arms, and our model may overestimate the fibre
excursions, in part, because it ignores these distribu-
tions (e.g., Ref. 3). In any case, further improvements
to the muscles’ 3D geometric paths are required before
we can be reasonably confident in the predicted oper-
ating regions of the muscle fibres on their force–length
and force–velocity curves.

In conclusion, we concur with Rajagopal et al.25

that testing a musculoskeletal model in the context of
its intended use is a critical step for any simulation
study. Frequently, muscle activations predicted by
muscle-driven simulations are evaluated against mea-
sured EMG signals. When discrepancies occur, they
are usually attributed to errors in the optimisation
algorithm or a poorly-formulated cost function—and
not to flaws in the underlying model, since versions of
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the existing model have been widely shared and itera-
tively improved over the last 30 years. However, our
study shows that the same optimisation algorithm,
tracking the same kinematics, can yield different
muscle activation patterns depending on the underly-
ing musculoskeletal model, or more specifically,
depending on just a few parameters that scale a nor-
malised muscle model to individual MTUs. In this
study, we identified muscles that generated implausible
passive forces during pedalling, walking and running,
leading to compensatory active forces and anomalous
co-activation of antagonist muscles, which were
inconsistent with measured EMG data. Our proposed
refinements to the model extend the model’s functional
range of motion, making it more applicable to
biomechanical studies of sprinting, cycling, rowing and
other movements involving substantial hip and knee
flexion. Certainly, we encourage others to make addi-
tional refinements to the model and share them with
the community. Our model is available from SimTK.
org (https://simtk.org/projects/model-high-flex).

ELECTRONIC SUPPLEMENTARY MATERIAL

The online version of this article (doi:
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