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Abstract
Neuromuscular training to strengthen leg muscles is an important part of the treatment of
musculoskeletal disorders and chronic diseases and preventing age–related muscle loss.
This study evaluates different individualization approaches and their real–time imple-
mentation for OpenSim musculoskeletal models to estimate the external knee adduc-
tion moment during a leg–press exercise. A robotic neuromuscular training platform was
utilized to perform isometric and dynamic leg extension exercises. Data were collected
for 13 subjects using a 3D motion capture system and force plate measurements from
the robotic training platform. Functional joint parameters, determined through dynamic
reference movements, were integrated into the OpenSim models, allowing a personal-
ized representation of the hip, knee, and ankle joints. This integration was compared with
a conventional scaling method. The results indicate that the incorporation of functional
joint axes can significantly enhance the accuracy of biomechanical simulations. These
methods provide a real–time and a more precise estimate of the external knee adduction
moment compared to conventional scaling approaches and underscore the importance of
individualized model parameters in biomechanical research.

Abbreviations
AJC Ankle joint center
DOF Degree of freedom
EAM External knee adduction moment
EMA Exponential moving average
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FAR Functional axis of rotation
HJC Hip joint center
ID Inverse dynamics
IK Inverse kinematics
JCS Joint coordinate system
KJC Knee joint center
LCS Local coordinate system

OCST Optimal common shape technique
RMSE Root mean square error
SPM Statistical parameter mapping

SARA Symmetrical axis of rotation approach
SCoRE Symmetrical center of rotation estimate
SDK Software development kit
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1 Introduction
Neuromuscular training to strengthen the leg muscles is an important component of the treat-
ment for musculoskeletal disorders and chronic diseases such as knee osteoarthritis [1–4]. It
is also effective for preventing age–related loss of muscle mass and strength [5–8], which is
often associated with the initiation and progression of knee osteoarthritis [5,8–11]. In addi-
tion, locomotion studies have shown that knee osteoarthritis may be promoted by high forces
that occur in the medial knee joint compartment [12–14]. Therefore, a robotic leg–press
device was developed to manage and control exercise by simultaneously minimizing possible
shear forces during neuromuscular training [15,16].

While in vivo measurement of internal forces at the medial knee joint compartment is pri-
marily possible with invasive techniques and great effort, Kutzner et al. [17] showed, using in
vivo measurement of medial knee joint compartment forces and an inverse dynamics (ID)
approach, that the external knee adduction moment (EAM) may be a suitable surrogate for
the medial knee joint compartment force during gait. Richards et al. [18] and Zhao et al. [19]
came to similar conclusions with calculated instead of measured medial knee joint compart-
ment force. Furthermore, Kolditz et al. [15] proved it is possible to manipulate the EAM by
foot position and orientation during a leg–press exercise. To estimate the EAM, it is necessary
to determine the three–dimensional (3D) force vector, and the use of a virtual human model
based on a multibody system is beneficial.

Generally, for the estimation of joint moments, an integrative approach that encompasses
experimental investigations and numerical multibody simulations has become an impor-
tant and frequently used tool [20–22]. This approach is applied most often to the estimation
of joint load during walking and running [19,22–30]. Furthermore, to obtain accurate joint
angle and moment estimates, the model must represent the subject as closely as possible, and
this is commonly achieved by individualizing it [31]. Thus, the most accurate approach is to
use individual bone geometries of the subject derived from medical images [22]. However,
this method is time consuming [22] and not always accessible. Beyond that, the model can
be individualized by several different approaches to scale the lengths of the model segments
together with their inertia properties to the subject using bony landmark markers or joint
centers [32–38]. During the scaling process, generic joint centers and axes are adopted [20,
39]. To further individualize model joints, functionally determined joint centers and axes can
be used [37,40,41]; however, these were mostly utilized without the use of constraint models,
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although, proved to represent the joint locations more accurately [42] and result in more reli-
able joint angle and moment results [43]. Only recently have individual functional joint cen-
ters and axes been integrated in OpenSim models [44–46]. Because the EAM is a frontal plane
moment that has only small moment arms, it is sensitive to the orientation of the adduction–
abduction axis [44]. Kutzner et al. [17] showed, that compared to in vivo measured forces and
moments, a model with functional joint axes could provide an adequate approximation of the
EAM.They used the symmetrical center of rotation estimate (SCoRE) [40] to determine the
hip joint center (HJC) and the symmetrical axis of rotation approach (SARA) [41] to deter-
mine the functional axis of rotation (FAR) for the knee joint flexion–extension axis and ankle
joint plantarflexion–dorsiflexion axis.

Given that Meireless et al. [44] have demonstrated the possibility and importance of inte-
grating functionally determined knee joint axes into OpenSim models for EAM calculations,
and Kutzner et al. [17] have generated a suitable set of definitions for functional knee, hip, and
ankle joint axes, it is vital to evaluate the combined use of both approaches and the potential
advantages in a leg–press exercise scenario.

Therefore, the objective of the current study was to parameterize and evaluate an OpenSim
lower extremity model with integrated functional ankle, knee, and hip joints to quantify the
EAM during a leg–press exercise for neuromuscular training utilizing offline and real–time
analysis.

2 Methodology
2.1 Subjects
Five male and nine female volunteers provided their informed written consent to participate
in this study, which was approved by the Ethics Committee of the German Sport University,
Cologne (№ 062/2016), where the experiment was conducted. One subject could not meet the
protocol requirements during the experiment. Thus, data were analyzed for 13 subjects (age:
23.5 ± 4.4 years, body height: 174 ± 5.2 cm, body mass: 64 ± 8.3 kg). The recruitment period
started on 5 May 2016 and ended on 25 May 2016.

2.2 Study design and experimental protocol
A robotic neuromuscular training platform (Fig 1) was developed for research purposes [15,
16]. The central device was a six–axis industrial robot arm (KUKA Deutschland GmbH,
Augsburg, Germany) with a 600 (H) x 400 (W)mm force plate (AMTI, Watertown, USA)
mounted on the end effector and fixed to a base plate. A seat with an adjustable backrest set
to 50 ○ upward (Fig 1) and adjustable shoulder pads as counter bearings was also mounted on
the base plate. This system served as a leg–press training device and provided the operator
with a high degree of freedom in terms of positioning the force plate to achieve a wide range
of angular settings for the lower extremity and relative foot positions.

To create the initial position for the static trials for each subject, the force plate was indi-
vidually placed to obtain 80 ○ hip joint flexion, 50 ○ knee joint flexion, and 0 ○ in the ankle
joint.

The protocol included performing unilateral isometric leg extension exercises with the
right leg in the initial (neutral) position and altered positions with 12 ○ lateral elevation (ever-
sion) and 12 ○ medial elevation (inversion) of the ankle joint, which have been shown to be
suitable for affecting knee joint EAM [16,47]. During each trial, the subjects applied a force
for approximately 4–6 s that corresponded to 60% of the pre–recorded maximum voluntary
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Fig 1. Experimental setup and schematic of the subjects initial position.Measuring setup including the KUKA KR270
2700 ultra with the AMTI OR6 Series Force Plate mounted to the end effector, the seat for the participants and the monitor
for visual feedback. The schematic in the upper left corner shows the intended sagittal angles in the hip, knee, and ankle
joint for the subject’s initial position with the backrest set to 70 ○ uprise.

https://doi.org/10.1371/journal.pone.0324985.g001

contraction trial. To ensure that the correct amount of force was applied, visual feedback was
provided on the monitor (Fig 1).

Furthermore, dynamic leg extension exercises with a constant velocity of 0.025m/s on a
linear trajectory were performed. The trajectory was set to induce a range from 80 ○ to 40 ○

knee flexion angle. All individual positions and trajectories were determined by an individ-
ual OpenSim model containing the robot and the subject [47]. During each dynamic trial,
subjects applied the maximum force possible.

2.3 Data collection
The subjects’ poses and movements were recorded using a 3D motion capture system (Vicon
Motion Systems Ltd, Oxford, UK), equipped with 11 infrared MX-F40 cameras operating at
100Hz. For tracking, 32 retro–reflective spherical markers (14mm in diameter) were attached
to the torso, pelvis, and right–leg landmarks. The technical clusters, which consisted of four
markers, were laterally attached to the thigh and shank segments (Fig 2). A comprehensive list
of all the markers is provided in the supplementary material (S1 Table). Among the 32 retro–
reflective spherical markers, 19 were used. A static reference was captured with the subjects
standing erect with their feet parallel and hip–width apart and with their ankle, knee, and
hip joints in the 0 ○ positions. Dynamic references were captured, with the subjects perform-
ing a StarArc movement [48] to determine the functional HJC and an active knee and ankle
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Fig 2. Experimental marker distribution throughout the lower limb showing landmark and cluster markers in initial
pose with force (green arrow) applied (left) and in neutral standing pose (right).

https://doi.org/10.1371/journal.pone.0324985.g002

movement to determine the functional knee and ankle joint axes. The posterior pelvic mark-
ers were removed after the reference recordings for the comfort of the subjects. The forces
and moments applied to the robot by the subjects were recorded using the AMTI OR6 Series
Force Plate (Watertown, USA) operating at 2000Hz.

Data supporting the findings of this study are openly available under DOI: 10.6084/
m9.figshare.28794887.

2.4 Marker data processing
The original 3D marker trajectories were automatically labeled with a predefined virtual
model (Vicon Nexus 2.3, Vicon Motion Systems, Oxford, UK). Gaps, if any, were filled using
the rigid body gap fill function. The posterior pelvic markers were reconstructed for each
trial according to their relative position to the lateral and anterior pelvic markers in the static
reference using a singular value decomposition approach [49].

2.5 Functional joint parameters
To reduce skin movement artifacts, the optimal common shape technique (OCST) was
used [50]. The functional HJC was then calculated from the dynamic reference movement
using SCoRE [40], and the FAR for the knee joint flexion–extension (zFARknee) and the ankle joint
plantarflexion–dorsiflexion (zFARankle) were calculated using SARA [41]. To determine the knee
joint center (KJC), the midpoint of the lateral and medial femoral epicondylar markers was
projected onto the functional knee axis [51]. The functional knee joint coordinate system
(JCSFARknee) originates in the KJC. The adduction–abduction axis (xFARknee) was then defined by the
cross product of the zFARknee axis and the unit vector from the KJC to the HJC. The rotation axis
(yFARknee) was defined by the cross product of zFARknee and xFARknee [44]. To determine the ankle joint
center (AJC), the midpoint of the lateral and medial tibial and fibular malleoli markers was
projected onto the functional ankle axis [51]. The ankle joint coordinate system (JCSFARankle)
originates at the AJC. To obtain an orthogonal right–handed joint coordinate system, the sec-
ond axis xFARankle was then defined by the cross product of the zFARankle and the unit vector from the
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AJC to the KJC. Subsequently, the third axis yFARankle was defined by the cross product of zFARankle
and xFARankle. The positions of the functional joint centers and axes relative to the markers of
the foot and the cluster markers of the shank and thigh, as well as the pelvic markers, were
transferred from the reference trials to each isometric and dynamic leg extension trial [14].

2.6 Standard reference model (REF)
A model of the right lower extremity was used as the standard reference model (REF) with
functional joint axes based on the SCoRE [40] and SARA [41] methods in accordance with
Trepczynski et al. [14] and Kutzner et al. [17]. Its joints and segments were defined by the
functional joint parameters described above. The joint angles were calculated according to
Zatsiorsky et al. [52] and Hamill et al. [53]. The external joint moments were then calculated
using the Newton–Euler method, applying an ID approach [54]. Joint angles and external
joint moments are expressed in the distal joint segment frame.

2.7 Generic musculoskeletal model
The unilateral musculoskeletal model used in this study was based on the OpenSim model
gait2392 [55] and adapted to meet the study’s requirements. It consisted of seven rigid body
segments, which were defined by the following local reference frames: pelvis, torso, right
thigh, right shank, right talus, right calcaneus, and right toes. Joints were defined by the rel-
ative motions of two joint reference frames attached to the parent and child segments, which
did not necessarily coincide with the segments’ local reference frames. The model had a total
of 18 degree of freedom (DOF). A joint with 6 DOF reflected the spatial motion of the pelvic
segment. The torso and hip joints were modeled as ball joints with 3 DOF. The knee joint was
originally modeled as a 1 DOF sliding hinge joint [55,56]. Two DOF were added in the form
of two additional coordinates for knee joint adduction–abduction and rotation [57] to enable
the model to output knee joint moments. Finally, the ankle, subtalar, and metatarsal joints
were modeled as 1 DOF hinge joints.

The femoral segment local reference frame (LCSfemur) originated in the HJC, located at the
center of the femoral head. In the neutral position, the axes of the tibial segment reference
frame (LCStibia) and the talus segment reference frame (LCStalus) were parallel to the LCSfemur ,
with the origins at the KJC and AJC, respectively. Joints were defined by the relative motion
of two reference frames - the proximal segment joint reference frame and the distal segment
joint reference frame - that were embedded in the proximal or distal segment, respectively.
In the generic model, they coincided with their segment reference frames. For the knee joint,
the distal segment joint reference frame was JCSfemur

knee and the proximal segment joint reference
frame was JCStibiaknee . For the ankle joint, the distal segment joint reference frame was JCStibiaankle
and the proximal segment joint reference frame was JCStalusankle.

2.8 Scaled musculoskeletal model with conventional joint axes
(Osim CON)
The Osim CONmodel was the generic musculoskeletal OpenSim model that was scaled
using the functional AJC, KJC, and HJC to account for the individual segment lengths
and their mass and inertia properties. The foot, shank cluster, and thigh cluster markers
in the model were adjusted to match their respective experimental markers in the static
reference.
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2.9 Scaled musculoskeletal model with functional joint axes adjustments
for the proximal segment (Osim FUN 1)
The FARs were integrated to generate the Osim FUN 1 model, adopted fromMeireles
et al. [44], and align the joint coordinate systems of the proximal segment with the coordinate
system of the corresponding functional joint axes. Using an iterative approach (Fig 3A, left
column), first the pelvis and thigh segments were scaled with the OpenSim scale tool includ-
ing only the pelvis and thigh markers. The rotation angles to adjust the orientation of the
proximal knee joint reference frame JCSfemur

knee were calculated as rotation angles between the
proximal knee joint reference frame JCSfemur

knee and the functional knee joint coordinate system

Fig 3. Scaling and individualization processes and resulting model. (A) The schematics describe the scaling processes for the Osim
FUN 1 and Osim FUN 2 models. The processes are, respectively, embedded in the overall workflow as depicted in S1 Fig of the sup-
plementary material. Left (Osim FUN 1): the iterative segment by segment (from proximal to distal) approach based on [44]. First,
the generic OpenSim model contains only markers of the proximal segment of the first joint (hip) to be individualized. This segment
was scaled and the markers were adjusted (using OpenSim scaling tool). Second, that joint’s calculated FARs were implemented (using
MATLAB) and, last, the markers of that joint’s distal segment were added (using OpenSim scaling tool). The upcoming iterations of
the process were performed with the next joints (knee and ankle). Right (Osim FUN 2): the all in one approach. The generic model
contains all markers for all segments. The complete model was scaled and all markers were adjusted before implementing the FARs for
both the proximal and distal segments of each joint. (B) OpenSim’s scaled musculoskeletal unilateral lower extremity model including
the FARs and local coordinate systems (LCS) for the knee and ankle joint and the femur and tibia segment showing the axes of the
functional joint coordinate systems (e.g. xFARknee) and the axes of the respective segment coordinate systems (e.g. xfemur

LCS ) for the joints
proximal segment.

https://doi.org/10.1371/journal.pone.0324985.g003
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JCSFARknee that was transformed into the femur reference frame LCSfemur utilizing the thigh clus-
ter markers as common reference. In the next step, the shank segment was scaled using the
OpenSim scale tool including only shank markers. The rotation angles to adjust the orien-
tation of the proximal ankle joint reference frame JCStibiaankle were calculated as rotation angles
between the proximal ankle joint reference frame JCStibiaankle and the functional ankle joint coor-
dinate system JCSFARankle that was transformed into the tibia reference frame LCStibia utilizing
the shank cluster markers as common reference. Finally, the foot segment was scaled with
the OpenSim scale tool using only the foot markers. Markers for the distal joint segments
were placed using the OpenSim scaling tool rather than inducing marker transformation
using MATLAB, as performed by Meireles et al. [44]. Fig 3B depicts the rotated proximal joint
reference frames with respect to their segment coordinate systems.

2.10 Scaled musculoskeletal model with functional joint axes adjustments
for both adjacent segments (Osim FUN 2)
The Osim FUN 2 model with implemented FARs was obtained by integrating the functional
joint reference frames into the proximal and distal joint segments using the scaled Osim CON
model (Fig 3A, right column). The rotation angles to adjust the orientation of both the prox-
imal (JCSfemur

knee ) and distal (JCStibiaknee) knee joint reference frames were calculated as the rota-
tion angles between the respective proximal (JCSfemur

knee ) or distal (JCStibiaknee) knee joint reference
frame and the functional knee joint coordinate system (JCSFARknee) that was transformed into its
corresponding segment reference frame utilizing its cluster markers. The rotation angles to
adjust the orientation of both the proximal (JCStibiaankle) and distal (JCStalusankle) ankle joint refer-
ence frames were calculated as the rotation angles between the respective proximal (JCStibiaankle)
or distal (JCStalusankle) ankle joint reference frame and the functional ankle joint coordinate sys-
tem (JCSFARankle) that was transformed into its corresponding segment reference frame utilizing
its cluster markers.

The Osim FUN 2 model only accounted for the differently oriented joint reference frames
with respect to the segment reference frames without changing the default relative segment
orientation. Whereas, the Osim FUN 1 model applying the iterative scaling and FAR integra-
tion approach allowed us to accurately monitor changes in not only the joint angle displace-
ment but also in the inter–segment orientation in the joint reference frames.

2.11 Real time model (Osim RT)
For the real–time approach, a MATLAB framework was implemented using the OpenSim
API [20,39,58]. The inverse kinematics (IK) and ID solver functions were executed directly for
each frame with the Osim FUN 1 model. For each set of marker data, the IK solver calculated
the generalized coordinates with the same optimization accuracy as the other OpenSim mod-
els. Accelerations of the generalized coordinates were obtained as the second derivative of the
generalized coordinates.

For online use, the MATLAB framework was extended by incorporating the Vicon Nexus
Data Stream software development kit (SDK) for real–time acquisition of 3D marker trajec-
tories and by an interface to read the applied forces and torques of the robot control. For the
purpose of this study, the marker and force data were used directly in the MATLAB frame-
work with the respective frequency from the recorded trial data. A calculation step time of
8ms was set as a threshold due to the plate manipulation control, which is set at a step time
of 8ms [59]. Calculations were performed with an Intel(R) Core(TM) i9-13900K CPU @ 3.00
Ghz, 32 GB RAM, and a 64-bit MSWindows OS.
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2.12 Outcomes
For ID calculation, joint angles determined through IK were filtered with a fourth–order,
zero–lag low–pass Butterworth filter with a cutoff frequency of 6Hz, except for the Osim RT
model, for which the joint angles were filtered using an exponential moving average (EMA)
filter with an experimentally determined smoothing factor of 0.1525.

For the Osim RT model, the average calculation step time was determined. In addition, the
number of time steps that exceeded the threshold 8ms was given as an absolute number and
as a percentage of the total number of calculated time steps.

For the static trials, the EAM was averaged over 1 s of constant force application for each
of the three foot positions. Furthermore, the absolute risk of calculating an incorrect EAM
with the OpenSim models compared to the REF model was determined, that is, an abduction
instead of an adduction moment and vice versa. It was expressed as the number of cases of
incorrectly calculated EAMs divided by the number of all the analyzed trials in percent.

Finally, a measure of fidelity was estimated in the EAM calculated with the OpenSim mod-
els. Therefore, ΔEAMfootposition was calculated, that is, the difference in the EAM between the
two modified foot positions and the neutral foot position. It was expressed as the number
of zero crossings detected of ΔEAMfootposition between the reference and OpenSim models
divided by the number of all the analyzed trials in percent.

For dynamic trials, we extracted the mean and maximum values throughout the movement
for EAM, ankle joint plantar flexion moment, knee joint flexion moment, and hip joint flexion
moment.

All moments are expressed as a percentage of body weight multiplied by body height
(%BWHt).

2.13 Sensitivity analysis
A sensitivity analysis for the OpenSim FUN 1 model was performed to evaluate the set of
markers used. Eight sets of markers were defined, including or excluding specific marker
groups, such as bony landmark markers, cluster markers, and additional markers, and the
deviation in the knee joint adduction moment was calculated in relation to that recorded
using the reference method. Marker sets S1 to S5 excluded the knee and ankle joint mark-
ers and included the cluster markers (S2) and additional markers at the hip (S3), tibia (S4),
and foot (S1), or all (S5) segments. Marker sets S6 and S7 excluded the cluster markers and
included the knee and ankle joint markers with (S7) or without (S6) the additional segment
markers. Marker set S8 included all available markers. A comprehensive list of all the marker
sets is provided in Table 1.

2.14 Statistical analysis
Statistical analysis was performed using R Studio (R 4.4.0). Data were checked for normal dis-
tribution using the Shapiro–Wilk test and Q–Q plots. The variance homogeneity of the data
was tested with the Levene test. Where applicable, Mauchly test for sphericity was performed.
In cases of significant results in the Levene or Mauchly tests, Greenhouse–Geisser corrections
were used for ANOVA.

For statistical testing of dynamic conditions for the model regarding the mean and max-
imum EAM and the maxima of the sagittal plane joint moments, as well as for the static
condition sagittal joint flexion/dorsiflexion moments of the ankle, knee, and hip joints,
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Table 1. Included markers (indicated with ●) in the marker sets S1 to S8 used in the sensitivity analysis. Markers
were placed at anatomical landmarks and in clusters on the pelvis and right extremity segments. The standard
marker set used for the model evaluation regarding the EAM was the full marker set S8.
Segment Anatomical landmark S1 S2 S3 S4 S5 S6 S7 S8
Foot Metatarsal head II ● ● ● ● ● ●

Side of metatarsal head I ● ● ● ● ● ● ● ●
Side of metatarsal head V ● ● ● ● ● ● ● ●
Tip of toe II ● ● ● ● ● ●
Heel ● ● ● ● ● ● ● ●

Shank Medial malleolus ● ● ●
Lateral malleolus ● ● ●
Four–point cluster (dorsolateral) ● ● ● ● ● ●
Caput fibulae ● ● ● ●
Tuberositas tibiae ● ● ● ●

Thigh Medial epicondyle ● ● ●
Lateral epicondyle ● ● ●
Four–point cluster (dorsolateral) ● ● ● ● ● ●

Pelvis Anterior superior iliac spine ● ● ● ● ● ● ● ●
Posterior superior iliac spine ● ● ● ● ● ● ● ●
Most proximal iliac crest ● ● ● ●

https://doi.org/10.1371/journal.pone.0324985.t001

independent of foot position an one–way ANOVA with repeated measures was performed.
The within–subject factor was the model.

For statistical testing of static conditions for the model and foot position regarding the
mean EAM, a two–factor ANOVA with repeated measures was performed. The two within–
subject factors were the model and the foot position.

In any event of significance of the main effects, post hoc tests were performed with
a Bonferroni–adjusted two–tailed paired t–test. If no significant differences were found
between the models, Bland–Altman plots [60] were used to support the possible equality
between the respective factor levels. All levels of statistical significance were set to 𝛼 = .05.
Data were reported as mean (M) and standard deviation (SD) and as root mean square error
(RMSE) between models.

3 Results
3.1 Static conditions
The absolute risk of calculating the EAM incorrectly was quantified for the OpenSim mod-
els. There was an 8.5% risk for the Osim CONmodel, a 7.7% risk for the Osim FUN 1
model, and a 6.2% risk for the Osim FUN 2 model. The absolute risk of losing fidelity for
ΔEAMfootposition was 7.7% for all three OpenSim models.

The two–way ANOVA showed significant main effects for both the model and the foot
position, but not for their interaction. Post hoc tests for pairwise comparison of the mod-
els showed that the EAM values calculated with the Osim FUN 1 or the Osim FUN 2 model
were not significantly different from the EAM values calculated with the REF model, but from
those calculated with the Osim CONmodel as well as the Osim CONmodel results differed
significantly from the REF model EAM results (Fig 4A, Table 2). The RMSE values for the
EAM were 2.67%BWHt for the Osim CONmodel, 0.90%BWHt for the Osim FUN 1 model
and 0.61%BWHt for the Osim FUN 2 model, all compared to the REF model.

Further analysis using Bland–Altman plots to test the consistency and agreement of
the models lacking significant differences in the EAM can be found in the supplementary
material (S2 Fig).
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Fig 4. External knee adduction moment. Boxplots representing the (A) EAM values calculated for the three tested foot positions for the static
trials, (B) the average and (C) the maximum EAM of the dynamic legpress trials with the REF model (red), the Osim CONmodel (purple), the
Osim FUN 2 model (green), and the Osim FUN 1 model (blue). Black horizontal line in the box represents the median, the whiskers are defined
by the 1.5 ∗ IQR (interquartile range). Black dots represent individual data points. Significant differences are stated in the text and Table 2.

https://doi.org/10.1371/journal.pone.0324985.g004
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Table 2.The table presents the results of the ANOVA (last column) with the model as the main factor, and the corresponding post hoc analysis. Values
are shown for the EAM in percentage of body weight times height (%BWHt) during static trials (top section), the mean EAM during dynamic trials
(middle section), and the maximum EAM during dynamic trials (bottom section).

Pairing Diff. N df 95% CI Test p Cohen’s ANOVA
M (SD) statistics dz

ST
AT

IC

EA
M

REF vs. Osim FUN 2 –0.17 (0.60) 39 38 –0.36 to 0.02 t = –1.78 0.50 d = –0.06 F‡(1.34, 16.03)
REF vs. Osim FUN 1 –0.28 (0.86) 39 38 –0.56 to 0.002 t = –2.01 0.31 d = –0.09 = 6.837
REF vs. Osim CON –1.75 (2.05) 39 38 –2.41 to –1.08 t = –5.32 < 0.001 d = –0.55 p = 0.013
Osim CON vs. Osim FUN 2 –1.58 (1.88) 39 38 –2.18 to –0.97 t = –5.25 < 0.001 d = –0.48
Osim CON vs. Osim FUN 1 –1.47 (2.02) 39 38 –2.19 to –0.75 t = –4.13 < 0.001 d = –0.43 𝜂2

p = .363
Osim FUN 2 vs. Osim FUN 1 0.11 (0.77) 39 38 –0.15 to 0.36 t = 0.87 1 d = 0.03

D
Y
N
A
M
IC EA

M
m
ea
n

REF vs. Osim FUN 2 –0.04 (1.27) 13 12 – 0.73 to 0.81 t = 0.11 0.914 d = 0.014 F‡(1.45, 17.45)
REF vs. Osim FUN 1 –0.30 (0.51) 13 12 –0.01 to 0.61 t = 2.13 0.054 d = 0.11 = 6.837
REF vs. Osim CON –1.17 (1.84) 13 12 –2.28 to –0.06 t = –2.30 0.040 d = –0.43 p = 0.011
Osim CON vs. Osim FUN 2 –1.21 (1.09) 13 12 –1.87 to –0.55 t = –3.99 0.002 d = –0.44
Osim CON vs. Osim FUN 1 –1.47 (1.52) 13 12 –2.39 to –0.56 t = –3.50 0.004 d = –0.54 𝜂2

p = .364
Osim FUN 2 vs. Osim FUN 1 –0.26 (1.01) 13 12 –0.87 to 0.35 t = –0.94 0.365 d = –0.09

EA
M

m
ax

REF vs. Osim FUN 2 –0.26 (1.38) 13 12 –1.09 to 0.58 t = –0.67 0.518 d = –0.10 F‡(1.55, 18.65)
REF vs. Osim FUN 1 0.01 (0.54) 13 12 –0.32 to 0.33 t = 0.06 0.952 d = 0.004 = 6.949
REF vs. Osim CON –1.42 (1.74) 13 12 –2.47 to –0.36 t = –2.93 0.013 d = –0.58 p = 0.009
Osim CON vs. Osim FUN 2 –1.26 (1.02) 13 12 –1.78 to –0.54 t = –4.09 0.002 d = –0.46
Osim CON vs. Osim FUN 1 –1.43 (1.58) 13 12 –2.38 to –0.47 t = –3.25 0.007 d = –0.58 𝜂2

p = .367
Osim FUN 2 vs. Osim FUN 1 –0.26 (1.23) 13 12 –1.01 to 0.48 t = –0.77 0.455 d = –0.10

†: Repeated measures two–way ANOVA with model and foot position as within subject factors. Results in table are for factor model. Results for factor foot
position are F(2, 24) = 15.182, p<.001, 𝜂2

p = .559 and for the interaction of the model and the foot position are F(1.68, 20.17) = 1.055, p = 0.355, 𝜂2
p = .081.

‡: Repeated measures one–way ANOVA with model as within subject factor
M: Mean, SD: Standard deviation, Diff.: Deviation between the models or foot positions, RMSE: Root mean square error, N: Number of data points, df:
degree of freedom, CI: Confidence interval, t: t–value, p: p–value, Cohen’s dz: Absolute effect size.

https://doi.org/10.1371/journal.pone.0324985.t002

The RMSE values for the ankle joint plantarflexion moment were 0.6%BWHt for the Osim
CONmodel, 1.0%BWHt for the Osim FUN 1 model and 0.6%BWHt for the Osim FUN 2
model, all compared to the REF model. The RMSE values for the knee joint flexion moment
were 0.8%BWHt for the Osim CONmodel, 0.6%BWHt for the Osim FUN 1 model, and
0.4%BWHt for the Osim FUN 2 model, all compared to the REF model. The RMSE values
for the hip joint flexion moment were 3.6%BWHt for the Osim CONmodel, 2.0%BWHt for
the Osim FUN 1 model, and 1.8%BWHt for the Osim FUN 2 model, all compared to the REF
model.

The one–way ANOVA with repeated measures showed no significant main effects for the
model regarding the ankle joint plantarflexion moment (F(3, 48) = 0.097, p = 0.961,n = 65),
nor for the knee joint flexion moment (F(3, 48) = 0.022, p = 0.995,n = 65), or the hip joint
flexion moment (F(3, 48) = 0.079, p = 0.971,n = 65).

3.2 Dynamic conditions
The one–way ANOVA for the model showed a significant main effect for the mean EAM
and for the maximum EAM. Post hoc tests for pairwise comparison of the models showed
that the mean as well as the maximum EAM values calculated with the Osim FUN 1 or Osim
FUN 2 model were not significantly different from the EAM values calculated with the REF
model, but from those calculated with the Osim CONmodel as well as the results of the Osim
CONmodel differed significantly from the REF model (Fig 4B and 4C, Table ). Further anal-
ysis using Bland–Altman plots to test the consistency and agreement of the models lacking
significant differences in the EAM can be found in the supplementary material (S3 Fig).
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The RMSE values for the EAM were 1.55 ± 1.46%BWHt for the Osim CONmodel, 0.59 ±
0.59%BWHt for the Osim FUN 1 model and 0.67± 0.50%BWHt for the Osim FUN 2 model,
all compared to the REF model.

The RMSE values for the ankle joint plantarflexion moment were 0.50 ± 0.38%BWHt
for the Osim CONmodel, 0.70 ± 0.63%BWHt for the Osim FUN 1 model and 0.42 ±
0.29%BWHt for the Osim FUN 2 model, all compared to the REF model. The RMSE val-
ues for the knee joint flexion moment were 0.81 ± 0.76%BWHt for the Osim CONmodel,
0.64 ± 0.41%BWHt for the Osim FUN 1 model, and 0.64 ± 0.46%BWHt for the Osim FUN
2 model, all compared to the REF model. The RMSE values for the hip joint flexion moment
were 2.77 ± 3.75%BWHt for the Osim CONmodel, 2.04 ± 1.68%BWHt for the Osim FUN
1 model, and 2.53± 3.71%BWHt for the Osim FUN 2 model, all compared to the REF model.

The one–way ANOVA with repeated measures did not show a significant main effect for
the model for the ankle joint plantarflexion moment (F(3, 48) = 0.064, p = 0.979,n = 52),
the knee joint flexion moment (F(3, 48) = 0.029, p = 0.993,n = 52), nor the hip joint flexion
moment (F(3, 48) = 0.295, p = 0.829,n = 52). A boxplot representation of the data can be
found in the supplementary material (S4 Fig).

3.3 Sensitivity analysis - Marker set
The sensitivity analysis revealed that the marker sets S6 and S7, which included the lateral
and medial epicondyle and the lateral and medial malleolus markers and excluded the clus-
ter markers, were associated with the greatest deviations. Using the S5 and S8 marker sets
resulted in the smallest deviations in the EAM values between the Osim FUN 1 and REF
models (Table 3).

3.4 Real time simulation
The Osim RT FUN 1 model was calculated with a step time of 5.4 ± 0.4ms with a maxi-
mum of 21.1ms. An average of 3.44 ± 0.8 (5.4%) calculation steps exceeded the threshold
of 8ms. The RMSE value for the EAM was 0.11 ± 0.04%BWHt, for the ankle joint dorsi-
flexion moment it was 0.15 ± 0.05%BWHt, for the knee joint flexion moment it was 0.17
± 0.05%BWHt, and for the hip joint flexion moment it was 0.57 ± 0.12%BWHt. Figure 5
shows the joint moments as functions of normalized leg extension movement.

4 Discussion
The objective of the present study was to integrate functional hip, knee, and ankle joints
into a unilateral lower extremity OpenSim model and parameterize the model to determine
the EAM within isometric and dynamic leg–press exercise scenarios. Two approaches were
applied to integrate the functional joints. The resultant models, together with an OpenSim

Table 3. RMSE of the difference, mean absolute difference, and maximum absolute difference of the EAM
between the Osim FUN 2 model using the marker sets S1 to S8 and the REF model calculated for the dynamic
trials.

S1 S2 S3 S4 S5 S6 S7 S8
RMSE 0.60 0.61 0.59 0.60 0.59 0.80 0.99 0.57
Mean 0.52 0.52 0.52 0.51 0.51 0.72 0.84 0.49
Max 1.45 1.58 1.37 1.37 1.27 3.30 3.06 1.28
All values are given in percentage of body weight times height (%BWHt). RMSE: Root mean square error, Mean:
Mean absolute difference, Max: Maximum absolute difference.

https://doi.org/10.1371/journal.pone.0324985.t003
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Fig 5. Osim RT vs Osim FUN 1 joint moments.The EAM (A), the ankle joint dorsiflexion moment (B), the knee joint flexion moment (C), and the hip joint
flexion moment (D) as functions of the normalized leg extension movement calculated with the Osim FUN 1 (blue) and the Osim RT model (dark blue). The
lines represent the respective average moments, and the accordingly colored areas represent their standard deviation. The visualization of the Osim model
represent the start and end position at 0% and 100% of the leg extension movement, respectively.

https://doi.org/10.1371/journal.pone.0324985.g005
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model without functional joints, were compared to a reference model with functional joints
but without utilizing OpenSim. Furthermore, a real–time approach using the Osim FUN
1 model was tested. With a focus on determining the EAM, we have shown that it is possi-
ble to approximate the results of the reference model using OpenSim models with the same
functional hip, knee and ankle joint centers and the same functional knee and ankle joint
axes.

Our results indicate that the Osim FUN 1 and the Osim FUN 2 models are well parame-
terized models for determining the EAM in the tested isometric and dynamic leg–press exer-
cise scenarios. Without differing from the REF model statistically significant, and with a low
risk of calculating the EAM incorrectly (6.2% and 7.7% respectively) or of losing fidelity for
ΔEAMfootposition (both 7.7%), these models have proven to be suitable.

The results generated using the Osim CONmodel differed significantly from those gener-
ated using the REF model for dynamic and isometric conditions, a finding that aligns with the
results of Meireles et al. [44]. Hence, the definitions of the joint coordinate systems are essen-
tial for the calculation of the EAM, and different definitions of the joint coordinate system
lead to different EAM results.

In addition, our results show that the adapted FAR–integration approach (Osim FUN 1),
which was based on the novel method for integrating functionally defined knee joint axes
into OpenSim [44], is an effective method. Notably, because the markers of the distal joint
segment need positional adjustment after integration of the joint’s FAR, when this method
is used with multiple functionally determined joints, the scaling and FAR integration must
be conducted in an iterative manner. We also found that the FAR–integration approach that
involved adjusting the joint reference frames of both adjacent segments (Osim FUN 2) is
not inferior for the determination of the EAM. Since no marker adjustments are needed in
this approach, the scaling process can be performed for all segments at once. We managed
to adopt the advantages of using functional joint centers and axes as shown in several previ-
ous studies [42] and integrated them into OpenSim models. Only a few studies showed that
this was done before. Werling et al. [45] and Hammond et al. [46] developed optimization
pipelines that use not only static and dynamic reference recordings, but also the results of the
inverse kinematics of the recordings to be examined. Our approach, which is concise with
Meireless et al. [44], is based on the direct editing of the joint axes in the model file. Although
reportedly less accurate than model individualization using medical imaging [22], a motion
capture based method was presented that relies on static and dynamic reference recordings.

The sagittal plane joint moments calculated with the OpenSim models did not differ signif-
icantly from those calculated with the REF model, regardless of the different joint definitions.
This finding supports the common assertion that OpenSim models are robust and valid, espe-
cially for sagittal plane joint parameter analysis [19,23–30]. Thus, our results suggest that the
lower extremity OpenSim model did not lose accuracy and reliability when equipped with
functionally determined joints.

The Osim RT model reproduced the results of the Osim FUN 1 model almost identically
with deviation of the EAM smaller than 0.11%BWHt and of the ankle joint dorsiflexion, knee
joint flexion, and hip joint flexion moments smaller than 0.15%, 0.17% and 0.57%BWHt,
respectively. Small deviation may occur due to different filter methods for joint angles and
due to double differentiation of the joint angles frame–by–frame to gain angular accelera-
tions. In addition, to compensate for the inability to fill gaps in the marker data during online
real–time simulation, existing Kalman filter approaches [61,62], for example, should be used
to ensure the completeness of the marker data.

The sensitivity analysis revealed, that the selected markers affected the EAM results and
showed that a well distributed marker set is favorable, which is consistent with the results
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of Keizer et al. [63]. The marker sets that excluded the thigh and shank cluster markers (S6
and S7, Table 1) showed the greatest RMSE and mean deviation from the values recorded
using the REF model (Table 3). This finding implies that it is essential to use these cluster
markers to minimize deviation from the REF model. The marker set S8, which included the
thigh and shank cluster markers and the femoral epicondyle and tibial/fibular malleoli mark-
ers, showed the smallest RMSE and mean deviation from the values recorded using the REF
model. Including the landmark markers that had low weights compared to the cluster mark-
ers was helpful but not necessary; the use of the marker sets that had cluster markers but not
landmark markers resulted in only slightly larger RMSE (< 0.04%BWHt) and mean deviation
(< 0.04%BWHt) values (Table 3).

We used two FAR–integration methods and a standard scaling process to generate two
individualized OpenSim models (Osim FUN 1 and FUN 2) that were shown to be suitable for
frontal plane joint moment analysis. This also holds if the models are integrated in a frame–
by–frame real–time approach. Thus, our approaches allow online monitoring of additional
parameters during leg–press exercises beyond external parameters such as force and pose or
position. Initially developed for rehabilitative and preventive neuromuscular training sup-
porting to achieve sufficient training stimuli while reducing unwanted stress [64,65] in a
robotic leg–press exercise [66,67], further conceivable application fields could be highly spe-
cific training in elite sports or real–time load monitoring in industrial ergonomics. Human–
robot interaction in general could benefit from model–based real–time motion and load mon-
itoring in addition to post hoc processing of pre–recorded tasks [68]. The model approach
presented using functional joint parameters allows calculation of external joint moments. At
this stage, the aim was not to map the compression forces of the medial compartment in the
knee joint but rather to make the model more realistic. For this reason, the REF model was
chosen based on Kutzner et al. [17]. To the authors’ knowledge, their study is the only study to
combine EAM results of a model with functional joint axes and directly measured compres-
sion forces in implant supplied knee joints. To overcome the mentioned limitation, the model
would benefit from further development (Fig 3 in [69]): Extension of the individualization
of the model by medical imaging that provides individual bone and muscle geometry, addi-
tional use of EMG signals to provide muscle activity, and extension of the model by tissue and
mechanobiological components and neuromusculoskeletal simulations. However, there are
challenges for practical integration into robotic or automated training devices. First, sufficient
computing power must be available. For possible real–time visualization, sufficient graphical
processing power must also be available. In addition, suitable physical and software interfaces
must be created to transfer the streaming data seamlessly and at sufficient speed. Depending
on the given or applicable infrastructure, this could be achieved using UDP or TCP/IP con-
nections between the robot controller and the computer that runs the real–time model on
a local network specifically created for the robotic training device. Furthermore, local net-
work servers could be used, for example an OPC server, which is accessible to every system
component. Landmark markers at the knee and ankle joints should only be used in combina-
tion with segment cluster markers; therefore, there is some leeway in how many markers are
included in the calculation.

In conclusion, frontal plane joint moments, such as the EAM, should best be analyzed
using models that include functionally determined joint axes. In this study, two approaches
were used to integrate functionally determined joint centers and axes into a scaled unilat-
eral lower extremity OpenSim model for the hip, knee, and ankle joints: an approach adopted
from a previous study [44] and a novel approach. This advancement in predicting EAM could
help improve monitor neuromuscular training by enabling the observation of the EAM and
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thus enables manipulation of the EAM with respective training devices. Furthermore, the pre-
sented methodology of functional joint center integration could be a valuable addition to the
use of the existing standard joint used in existing models, depending on the intended use.
In addition, we have shown that these highly individualized OpenSim models can be very
accessible computed in parallel with exercise performance using the OpenSim API in Matlab
for online monitoring and control loop integration of a respective training device, and thus
allowing a step towards automated training.

Supporting information
S1 Table. Comprehensive list of all markers used and their location.
(PDF)

S1 Fig. Workflow schematic of the overall pre- and post-processing approach. C3d files
containing 3D marker trajectories and force data (green) are pre-processed. The generic
OpenSim model is scaled according to the individualized model variations which is described
in detail in Sects 2.9 and 2.10 and displayed in Fig 3A.
(PDF)

S2 Fig. Bland–Altman plot for the comparison of the EAM calculated from the static trials
with the REF and the Osim FUN 1 model (a), calculated with the REF and the Osim FUN
2 model (b), and calculated with the Osim FUN 1 and the Osim FUN 2 model.
(PDF)

S3 Fig. Bland–Altman plot for the comparison of the mean EAM calculated from the
dynamic trials with the REF and the Osim FUN 1 model (a), calculated with the REF and
the Osim FUN 2 model (b), and calculated with the Osim FUN 1 and the Osim FUN 2
model (c) and for the comparison of the maximum EAM calculated from the dynamic tri-
als with the REF and the Osim FUN 1 model (d), calculated with the REF and the Osim
FUN 2 model (e), and calculated with the Osim FUN 1 and the Osim FUN 2 model (f).
(PDF)

S4 Fig. Boxplots representing the maximum ankle joint dorsiflexion, knee joint flexion
and the hip joint flexion moment of the dynamic legpress trials calculated with the REF
model (red), the Osim CONmodel (purple), the Osim FUN 2 model (green), and the
Osim FUN 1 model (blue).
(PDF)
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