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Abstract

Estimating tibiofemoral joint contact forces is important for understanding the initiation and
progression of knee osteoarthritis. However, tibiofemoral contact force predictions are
influenced by many factors including muscle forces and anatomical representations of the knee
joint. This study aimed to investigate the influence of subject-specific geometry and knee joint
kinematics on the prediction of tibiofemoral contact forces using a calibrated EMG-driven
neuromusculoskeletal model of the knee. One participant fitted with an instrumented total knee
replacement walked at a self-selected speed while medial and lateral tibiofemoral contact forces,
ground reaction forces, whole-body kinematics, and lower-limb muscle activity were
simultaneously measured. The combination of generic and subject-specific knee joint geometry
and kinematics resulted in four different OpenSim models used to estimate muscle-tendon
lengths and moment arms. The subject-specific geometric model was created from CT scans and
the subject-specific knee joint kinematics representing the translation of the tibia relative to the
femur was obtained from fluoroscopy. The EMG-driven model was calibrated using one walking
trial, but with three different cost functions that tracked the knee flexion/extension moments with
and without constraint over the estimated joint contact forces. The calibrated models then
predicted the medial and lateral tibiofemoral contact forces for five other different walking trials.
The use of subject-specific models with minimization of the peak tibiofemoral contact forces
improved the accuracy of medial contact forces by 47% and lateral contact forces by 7%,
respectively compared with the use of generic musculoskeletal model.
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1. Introduction

Large joint contact forces are thought to be an important factor in the development and
progression of osteoarthritis (Guilak, 2011; Hurwitz et al., 2001; Roemhildt et al., 2012; Solomon,
1976). The external knee adduction moment (KAM) has been used as a convenient surrogate for
the medial-lateral load distribution at the knee and has been linked to the onset, progression, and
severity of medial tibiofemoral osteoarthritis (Foroughi et al., 2009; Schipplein and Andriacchi,
1991). The KAM, estimated by inverse dynamics, does not account for the knee’s other degrees of
freedoms and the muscles’ direct contribution to the knee contact forces, and does not always
correlate strongly with medial contact force at the knee (Meyer et al., 2012). In this study, we
hypothesised that computational neuromusculoskeletal models that include knee loading about
multiple degrees of freedom and muscle forces may provide more accurate estimates of knee

contact loads.

However, developing and validating these models is challenging because of the
neuromusculoskeletal system complexity and inter-subject variability (Delp et al., 2007). The
accuracy of computational models to predict tibiofemoral joint contact forces can be assessed
using direct measures from instrumented total knee replacements (Fregly et al., 2012).
Computational models that use generic anatomy tend to overestimate medial knee contact forces
when compared to in vivo measurements (Fregly et al., 2012). Altered estimates of the muscle-
tendon moment arms and muscle-tendon lengths from variations of musculoskeletal geometries
have been reported for the knee (Pal et al., 2007) and hip joints (Duda et al., 1996; Scheys et al.,
2011). Tsai et al. (2012) found that the use of moment arms estimated from magnetic resonance
imaging provides a more accurate prediction of the net joint moment compared to the measured
net joint moment. In this context, it is possible that the aforementioned contact force
overestimations are due to an underestimation of muscle moment arms, resulting in higher muscle
forces to generate the same net joint moment. In addition, joint kinematics estimation errors may

affect load computations.

Computational models to estimate muscle forces can be broadly classified as; i) optimization
method, which estimate a set of muscle activations based on an objective function (e.g. minimise
muscle stress) (Crowninshield and Brand, 1981), or ii) electromyography (EMG) EMG-driven
approach, which determines muscle activations based on recorded EMG signals (Lloyd and
Besier 2003; Buchanan et al., 2004). In the case of musculoskeletal disorders, such as
osteoarthritis, muscle activation strategies are highly variable and significantly different from

normal healthy people (Zeni et al., 2010; Heiden et al., 2009). In this case, an EMG-driven
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approach appears warranted to account for an individual’s unique muscle activation pattern
(Kumar et al., 2012). The mapping from EMG to muscle force is not trivial and current EMG-
driven methods use a calibration process to adjust EMG-to-activation and muscle-tendon
parameters (Lloyd and Besier 2003). Parameter calibration attempts to match experimental joint
moments of the ankle, knee and/or hip measured from inverse dynamics. However, this
calibration is a limitation of EMG-driven modeling because the solution space is large and the
matching of the knee flexion/extension joint moment does not necessarily ensure accurate joint
contact force estimations. Indeed, even though EMG-driven approaches were found to predict
joint moments very well, they nevertheless overestimated the medial tibiofemoral knee joint
contact forces (Fregly et al, 2012). The influence of adding further constraints beyond the

magnitude of the contact forces during the calibration process has not been investigated.

The aim of this study was to investigate the influence of knee joint geometry, knee joint
kinematics and calibration cost functions on the estimation of tibiofemoral contact forces using an
EMG-driven neuromusculoskeletal approach. It was hypothesized that, subject-specific knee joint
geometry and/or knee joint kinematics would improve the accuracy of medial and lateral contact
force predictions, compared to a generic model. We also hypothesized that a calibration cost
function including a minimization of the peaks of medial and lateral contact forces would improve

joint contact forces predictions.

2. Method

2.1 Gait experiments

This study used data previously collected from an adult male fitted with an instrumented total
knee replacement (right knee, age 83, mass 68 kg, height 1.7 m) (Fregly et al., 2012). Institutional
review board approval and the participant’s informed, written consent were obtained prior to data

collection.

We used data recorded from two gait tasks. The first was walking on an instrumented treadmill
(Bertec, Columbus, USA) where a C-arm fluoroscope (GE Medical Systems, Salt Lake City,
USA) was used to record rotations and translations of the tibia relative to the femur. The second
task involved walking overground at a naturally selected walking speed (n=six trials). The whole
body segmental motion was recorded at 120 Hz using a VICON motion analysis system (Vicon,
Oxford, UK). Ground reaction forces (GRF) were recorded at 1200 Hz from three force plates
(Bertec, Columbus, USA), and surface EMG recorded at 1200 Hz using a 16-channel Bagnoli
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system (Delsys, Boston, USA) with custom double differential preamplified electrode leads. The
motion capture markers were attached according to a full-body marker set reported by Besier et al.
(2003) and EMG activity on the involved side was recorded from 8 muscles: biceps femoris long-
head (BicFemlh), gastrocnemius lateralis (GasLat), gastrocnemius medialis (GasMed), rectus
femoris (RectFem), semi-membranous (SemiMem), tensor fascia lata (TFL), vastus lateralis
(VastLat), and vastus medialis (VastMed). Medial and lateral tibiofemoral contact forces were

recorded at 120 Hz, synchronously with motion capture, GRFs, and EMG.

2.2 Description of the OpenSim models
Various models were created with generic and subject-specific elements.

i) The generic geometry anatomical model was based on a full-body OpenSim model, which
consisted of 14 rigid-linked skeletal segments with 37 degrees of freedom (DOF) (Hamner et al.,
2010; Donnelly et al, 2012). This model was scaled in three-dimensions to match each subject’s
anthropometry based on marker trajectories measured from motion capture and calculated hip,
knee and ankle joint centres. The positions of the lower limb joint centres and axes were estimated
from functional tasks (Besier et al., 2003; Donnelly et al, 2012). Of importance, the lower limbs
had a 3 DOF ball joint for the hip and 1 DOF hinge joint for the ankle (Hamner et al., 2010;
Donnelly et al, 2012). The knee joint kinematics are described in more detail below (see section
2.2iiiand 2.2 iv).

i) The subject-specific geometry anatomical model was an adaptation of the generic full-
body model. The upper body was the generic scaled model. However, the lower limb model was
created using a subject-specific knee from the implant’s geometry, bone geometry from CT scans
(i.e., femur, tibia, fibula, and patella), and generic bone geometry for the other bodies. The
position of the knee joint centre was located at the midpoint of the femoral condyles when the
knee was in the fully extended posture, and the hip-joint centre was located in the centre of the
femoral head (Arnold et al., 2010). The ankle-joint centre was calculated as for the scaled generic
anatomical model. The vertical length of the femur, tibia, and fibula were adjusted to match the
position of the calculated hip, knee, and ankle joint centres. The scale factor was 1.05 and 1.03 for
the femur and tibia-fibula, respectively. Each muscle-tendon path was adjusted manually to fit
with the new bone geometry using the bony landmarks from the generic model as a reference. The
moving path definition of some muscles was adjusted to avoid penetration into bone. The

translations of the patella as a function of knee flexion were redefined to fit the shape of the
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implant. The moving path of the quadriceps muscle group was modified to follow the new motion

of the patella and to avoid penetration into the femur.

iii) The generic knee joint kinematic model had 3 rotational and 2 translational DOFs
(Donnelly et al, 2012). The knee comprised of a sagittal planar joint with a flexion/extension axis
going through the knee joint centre and perpendicular to the plane. A spline defined the anterior-
posterior and superior-inferior translations of the tibia in this plane as a function of knee flexion
angle (Figure 1), which was the translation of the knee joint centre relative to the origin of the
femur (femoral head) (Delp et al., 1990). The knees also had an internal/external rotation hinge
joint with its axis going through the ankle joint and knee joint centres, and two hinge joints for
adduction/abduction, the axes perpendicular to the tibial frontal plane with one going through the
medial condyle contact point and the other through the lateral condyle contact point. The position
of the medial and lateral condyle contact points were the same as used for the subject-specific

knee (see below).

iv) For the subject-specific knee kinematic model the generic spline functions were adjusted to
represent the experimental translations recorded using fluoroscopy without penetration between
the femur and tibia (Figure 1). The position of the knee joint centre was not modified.
Additionally, as in the generic knee, the medial and lateral condyle contact points were based on
the inter-condyle distance and contact positions relative to the knee joint extracted from

instrumented knee data and were 40 mm and 20 mm respectively (Zhao et al., 2007).

The combination of generic and subject-specific knee joint geometry and kinematics resulted in

four different OpenSim models:
1. generic geometry and generic kinematics (G-Geom & G-Kin)
2. generic geometry and subject-specific kinematics (G-Geom & SS-Kin)
3. subject-specific geometry and generic kinematics (SS-Geom & G-Kin)

4. subject-specific geometry and subject-specific kinematics (SS-Geom & SS-Kin)

2.3 Estimation of joint angles and joint moments in gait

The OpenSim inverse kinematics and inverse dynamics analysis tools were used to estimate the
joint kinematics and moments from the gait data (Delp et al., 2007). In the inverse kinematics
solution all DOFs were free to move except at the knee where internal/external rotation and

adduction/abduction were fixed and only flexion/extension permitted. However, this configuration
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enabled flexion/extension, internal/external rotation and adduction/abduction moments at the

medial and lateral condyle contact points to be determined via inverse dynamics.
2.4 Estimation of muscle-tendon forces

The muscle force distribution problem (i.e. estimation of muscle forces) was solved using an
EMG-driven approach, which has been described in details elsewhere (Lloyd and Besier, 2003;
Buchanan et al, 2004, Winby et al, 2009; Kumar et al, 2012). Briefly, the model has four parts: (1)
an anatomical model to estimate muscle-tendon lengths and moment arms, (2) an EMG-to-
activation model to represent muscle activation dynamics, and (3) a Hill-type muscle model to
characterize muscle-tendon contraction dynamics and estimate the forces in the muscle-tendon

complex

As described above, OpenSim (SimTK, Stanford, USA) was used to create the anatomical model
to represent bone geometries and eleven muscle-tendon units: BicFemlh, Biceps femoris short-
head (BicFemsh), GasLat, GasMed, RectFem, SemiMem, semi-tendinosus (SemiTen), TFL,
VastInt, VastLat, and VastMed paths. The OpenSim muscle analysis tool was used to estimate the
muscle-tendon lengths, adduction/abduction moment arms about the medial and lateral condyle
contact points, and the flexion/extension moment arms from the lower limb kinematics during gait
(Delp et al., 2007).

Muscle activation patterns were derived from the EMG data. The raw EMG signals were band-
pass filtered (30-500 Hz), full wave rectified, low-pass filtered using a zero phase-lag Butterworth
filter (4th order, 6Hz cut-off frequency), and normalized by the maximal value of each muscle
estimated on both maximal isometric contractions and gait trials. The muscle activation of
SemiTend was assumed to be equal to that of SemiMem; BicFemlh and BicFemsh were assumed
to be identical; and the muscle activation of Vastint was the average of that from VastLat and
VastMed. The transformation from normalized EMG to muscle activation was obtained by
including second-order dynamics, electromechanical delay and a non-linear relationship between
EMG and muscle activation (Lloyd and Besier, 2003; Manal and Buchanan, 2003).

We estimated the individual muscle-tendon forces using a Hill-type muscle model (Zajac, 1989;
Schutte 1992). Individual muscle forces were then multiplied by the muscle-tendon moment arms
and summed to determine the net knee joint flexion/extension moments. Before applying the
EMG-driven model to estimate muscle-tendon forces and joint contact forces, the model was first

calibrated to each subject.
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2.5 Calibration and prediction process

The EMG-driven model was calibrated to each subject by minimising three different cost
functions that used the flexion/extension knee joint moments and joint contact forces from the
instrumented implant. The model parameters (muscle activation parameters, strength coefficients,
optimal fibre lengths, and tendon slack lengths) were calibrated using simulated annealing

(Kirkpatrick et al., 1983) to minimise the following three calibration cost functions:
(1) min [AM KFE]: by minimizing the difference between the knee joint flexion/extension moments

computed by inverse dynamics (M3 ") and the EMG-driven model (M %), i.e.

N
mm{;Zi (O M&E%(ti))z}]
(2) min [AM “FE L max FM¢ + maxFLC]: by minimizing i) the differences between the knee joint

flexion/extension moments computed by inverse dynamics and the model, and ii) the

maximum value of the modelled knee contact force at each condyle ( Fye: and Fyiop), i.e.

. | 1o
min] £, (15500 - M)} wma Pl ) w5
where, w;, are weight coefficients used for each parameter during calibration.

(3) min [AM KL AFMC L AF LC]: by minimizing the differences i) between the knee joint
flexion/extension moments computed by inverse dynamics and the model, and ii) between the
knee contact force at each condyle computed by the model and measured by the instrumented

implant (FYS and F:S

invivo Invivo

), i.e.
min| 237 (M) - M 00)" (RIS ) R 00) s RS ) - R 0)))

During the calibration process, the different weighting coefficients were also manually adjusted
based on the error between the model estimates and the measurements (in vivo contact force and

inverse dynamics results). The values were 1/6, 1/12, 1/200 and 1/400, respectively, forw, , w,, w,

and w,. Calibration was repeated for each model using each of the six overground gait trials with

each of the three cost functions. However, for each cost function, the adjusted model parameter

values that were used for further analyses were selected from the one gait trial that produced the
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lowest root mean squared error (RMSeror) between estimated and measured joint contact forces.
These parameter values were then used to predict the muscle-tendon forces, knee-joint
flexion/extension moments and knee-joint contact forces in the five additional walking trials not

used for calibration.
2.6 Estimation of knee-joint joint contact forces

Joint contact forces were estimated using the point contact method, which has been described in
detail elsewhere (Winby et al, 2009; Kumar et al, 2012). This method assumes the medial and
lateral contact forces act through one single point for each compartment, separated by the inter-
condyle distance. Briefly, the contact forces are determined using static equilibrium about the
medial and lateral contact points in the tibial frontal plane. Using the medial contact force as an
example calculation (Figure 2), the external adduction/abduction moment, determined at the
lateral contact point via inverse dynamics in OpenSim, was balanced by the muscle moments
relative to the lateral contact point (i.e., the product of the muscle-tendon forces estimated by the
EMG-driven approach and the muscle-tendon moment arms relative to the lateral contact point
computed in OpenSim) and the unknown medial contact forces (Figure 2). The actions of the
collateral ligaments were neglected. This process was repeated at every time step. The same
approach was used to determine the lateral contact forces, where the muscle-tendon forces were
the same, but the external adduction/abduction moments and muscle moment arms were

determined about the medial condyle contact point.
2.7 Data analysis

Joint contact force predictions generated by the four different OpenSim models for the three

different cost functions were analysed. Using these predicted results, the performance of each

model and cost function combination was assessed using the RMS error between M,KDFE and

M s between experimental and models’ medial contact forces, and between experimental and

model lateral contact forces. Because results were available from only one subject, we calculated
the 95% confidence intervals (Cls) for the RMS errors. If no overlap existed between the upper
and lower bounds of the Cls, we assumed that differences existed in the prediction accuracies
from the different conditions. We also compared the moments arms estimated by the different
models to those published previously (Buford et al. 1997; Grood et al. 1984; Sobczak et al. 2013;

Spoor et al. 1992) from selected major muscles for knee flexion angles from 0° to 100°, and with
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hip and ankle joints each set at 0° flexion. Finally, we examined how changes in moment arms

across the different models affected muscle forces estimates in gait for selected major muscles.

3. Results

After the completion of the calibration process, the prediction accuracy of knee joint
flexion/extension moments was similar regardless of which model was used (Figure 3A). The
RMS¢rors ranged from 2.3 to 17.9 N.m, suggesting that the EMG driven algorithm was able to

reproduce the net flexion/extension moments for any of the models and conditions.

A cost-function based only on the knee joint moment led to an overestimate of the medial contact

forces irrespective of which geometric model and kinematics was used (Figures 3-4). When the

cost function included constraints on the contact forces (min |[AM & +max F" +max F *° Jor
min [AM K7€ + AFMC + AF€ ), the RMS errors were lower and the 95% Cls did not overlap the

results obtained using only the knee joint moment (min[AM KFE]) for the medial and lateral

contact forces. This finding indicates a better predictive accuracy of the measured medial and
lateral contact forces (Figures 3-5) when quantities related to contact forces were included in the

calibration cost function.

The accuracy of predicted medial contact forces was improved by using the subject-specific knee
geometry. The subject-specific knee geometry models had medial contact forces estimates closer
to in vivo measurements (Figure 3B). Interestingly, use of the subject-specific kinematics did not

improve estimates of medial and lateral contact forces.

The moment arms estimated using the SS-Geom & SS-Kin and G-Geom & G-Kin models were
within the range of moment arms obtained from experiment (Buford et al. 1997; Grood et al.
1984; Sobczak et al. 2013; Spoor et al. 1992) for most of the muscles except for the quadriceps
muscle group (Figure 6). The estimated moment arms (Figure 7B and D) and the muscle forces
(Figure 7A and C) during gait were also different depending on the model used, although the

shapes of the muscle force curves were similar (Figure 7A and C).

4. Discussion

The aim of this study was to investigate the influence of subject-specific knee joint geometry and

kinematics on the estimation of tibiofemoral contact forces using an EMG-driven
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neuromusculoskeletal modelling approach. We hypothesized that subject-specific knee joint
geometry and/or subject-specific knee joint kinematics would improve the accuracy of medial and
lateral contact force predictions compared to using a generic model. The subject-specific knee
joint geometric model improved the accuracy of estimated medial contact forces over the generic
geometric model only when cost function terms involving knee contact forces were included
during the calibration process. Therefore, our findings suggest that accurate joint geometry may
be necessary to obtain close agreement between predicted and experimental medial knee joint
contact forces. However, accurate geometry is not sufficient as muscle-tendon parameters also
have to be adjusted to obtain the best possible agreement by minimizing peak of contact forces

during the calibration process.

In this study, estimation of muscle forces was based on subject-specific muscle activation patterns
derived from recorded EMG. Lin et al. (2010) solved the problem of muscle redundancy by using
optimization to estimate knee joint contact forces. Whereas their method required an optimization
process to estimate contact forces, the EMG-driven approach could be used to predict muscle and
joint forces without optimization after completing an optimization-based calibration process,
allowing the approach to be used for real-time applications. Furthermore, even though Lin and
colleagues found close agreement with in vivo contact force measurements, they found different
muscle force patterns depending on the optimization function employed. Use of EMG data
constrained the solution space to reflect individual muscle activation patterns better. For this
reason, in our study, the use of different cost functions during the EMG-driven model calibration
process mainly affected the amplitudes of the muscle forces but not their shapes (Figure 6). Since
Lin et al. (2010) modeled muscles as pure force generators without activation dynamics, and
contraction dynamics, they achieved a better fit to in vivo measurements than in the present study.
Nonetheless, we believe that using EMG data as model inputs provides better physiological

estimation of muscle forces.

When the models were calibrated with cost function terms involving the joint contact forces, the
generic geometric model produced higher muscle forces and overestimated medial contact forces
compared to the subject-specific geometric model. This result is because the subject-specific
geometry affected the moment arms and forces of several muscles (Figure 6) due changes in
muscle-tendon paths and in the position of the knee joint centre. The larger extension moment
arms led to lower muscle forces and thus lower contact forces as observed in the estimated medial
contact force. These observations may explain the tendency of previous models to overestimate

the tibiofemoral contact forces (Fregly et al., 2012).
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In the subject-specific geometric model, each muscle-tendon path was adjusted manually, which
may have introduced some errors. Advanced statistical analysis is needed to investigate the
influence of variation introduced by manual adjustment. This manual step could be avoided by
using magnetic resonance imaging and/or ultrasonography, although, using medical imaging does
not guarantee accurate moment arm estimations due to the sensitivity of the methods to the
positions of the muscles origins and insertions (Pal et al., 2007). Nevertheless, except for the
quadriceps muscle groups, the muscle moment arms estimated by G-Geom & G-Kin and SS-
Geom & SS-Kin models were within the range of those reported in experimental studies (Grood et
al., 1984; Spoor et al. 1992; Buford et al. 1997; Sobczak et al. 2013). At least for the subject-
specific model, the larger quadriceps moment arms could be explained by the knee prosthesis
design. Specifically, the native patella has an added button that articulates with the femoral
component in order to increase the quadriceps moment arms and reduce the quadriceps force
(Figure 7C and D), thereby reducing joint contact forces (Browne et al., 2005). Nevertheless,
further investigation is required to understand the influence of subject-specific bone geometry on
the estimation of knee contact forces for healthy individuals as the knee prosthesis changes knee

geometry.

Calibration of EMG-driven models is usually based on minimization of the difference between the
joint moments computed by the model and by inverse dynamics (Lloyd and Besier 2003). In our
study, using this approach led to large errors in estimates of knee joint contact forces. Not
surprisingly, using in vivo knee contact force measurements during calibration considerably
reduced contact force errors compared to the use of the knee joint moment alone. However, in
vivo measurements of joint contact forces are rarely available. The calibration process that
minimized the estimated peak contact forces, without use of in vivo measurements, improved the
accuracy of contact force predictions compared to use of only the knee flexion/extension moment.
Furthermore, this approach produced comparable accuracy to calibrations that employed the in
vivo measurements. This improvement is directly related to the different values of model
parameters adjusted during the calibration process. Among all model parameters, muscle strength
coefficients were affected the most by the different calibration cost functions, though not by the
choice of knee geometric model. Strength coefficients were used to scale maximal isometric force
according to muscle group (knee flexor, knee extensor and knee flexor-ankle dorsiflexor) and
ranged between 0.5 and 2.5. The additional cost functions that improved joint contact force

estimates led to lower strength coefficients for all muscle groups compared to the use of only the

12



308
309

310
311
312
313
314
315
316
317
318
319
320
321

322
323
324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340

knee joint moment during the calibration process. Lower strength coefficients could be explained

by decreased muscle force with aging.

Despite improvements made by using subject-specific knee geometry, the EMG-driven approach
did not predict the in vivo knee contact forces as closely as desired. Several reasons for this
discrepancy are possible. We focused on subject-specific knee geometry and kinematics, but other
muscle-tendon model parameter values can influence muscle force estimates. In the EMG-driven
approach, even though muscle-tendon model parameters are calibrated, the solution space remains
large due to the presence of muscle redundancy. Thus, calibrated parameter values may not
represent the true subject-specific muscle-tendon properties. Li et al. (2009) have shown that the
use of subject-specific muscle optimal fibre lengths and pennation angles improved the prediction
of elbow movement for healthy individuals and individuals post-stroke. Furthermore, in the
current study, the mechanical properties of tendon were generic whereas Gerus et al. (2012) have
shown that use of subject-specific tendon force-strain relationships can influence the estimation of

muscle force.

The current study suggests that for an EMG-driven modeling approach, the calibration cost
function plays a large role in obtaining appropriate muscle-tendon model parameter values. We
also used the measured contact force data to evaluate the best calibration, which is a potential
limitation of our study. Further research is needed to determine the calibration cost functions that
produce the best estimates of joint contact forces, without resorting to the measured contact
forces. In the current and other studies (Kumar et al., 2012; Winby et al., 2009), the calibration
cost functions used only the knee flexion/extension moment, whereas additional external
measurements such as hip and ankle joint moments are also available. Some knee muscles are bi-
articular and exert moments at the hip or ankle. The use of additional degrees of freedom in the
calibration process would allow better constraining the EMG-dependent muscle force estimates
while reducing the model’s parameter solution space (Sartori et al., 2012). Furthermore, while
EMG-driven approaches possess notable advantages over optimization methods, EMG
measurements contain errors due to cross-talk from surrounding muscles, electrode placement,
and impedance between the muscle and the electrode. EMG measurements are also limited to the
use of surface electrodes, or to very specific sites using fine-wire EMG, and recording EMG from
deep muscles is generally problematic. Combining calibration of an EMG-driven approach with
subsequent optimization to adjust EMG-derived muscle activations (i.e. EMG-assisted
optimization methods) may offer a solution to these issues for non-real-time applications. Another

facet that could be improved is the contact model used to estimate knee contact forces, which in

13



341
342
343
344
345
346

347

348

349

350

351

352

353
354
355

356

357

358

359

360

361

362

363

364

365

366

367

368

the current work is a simplified two-point contact representation. More complex contact models
could be used, such as an elastic foundation model (Lin et al., 2010) or finite element modelling.
The combination of EMG-assisted approaches to estimate muscle force with a validated contact
model might improve the estimation of joint contact forces, which will be the focus of future
work. Finally, since this study only used one subject, further work on the generalizability of the

results needs to be performed.
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Figure 1: Anterior-posterior and superior-inferior translation of the tibia relative to the femur
defined in OpenSim for the generic and subject-specific knee joint kinematic model using
fluoroscopic data. The reference (0,0) is the initial position of the knee joint center, and the

translation is the displacement of the knee joint center relative to its initial position.
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Figure 2: As an example, a schematic of point contact model used to estimate the medial contact

force. The external adduction/abduction moment about the lateral condyle (M 5" ) estimated from
OpenSim must be balanced by the moment produced by the muscles (M .. ) and an unknown

contact force (F ") acting at distance (d,.) equal to 40mm. r,"® represents the muscle moment
arms relative to the lateral contact point estimated by the OpenSim model and F, represents the

muscle-tendon forces estimated by the EMG-driven approach. The same approach was used to
estimate the lateral contact force, except moment arms and moments were determined about the

medial condyle contact point.
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Figure 3: RMSgrors estimated on (A) the knee joint flexion/extension moments, (B) the medial

tibiofemoral contact forces, and (C) the lateral tibiofemoral contact forces in the walking trials

using the different cost functions and knee joint models. The RMSeors are the mean and the error-

bars represents 95% confidence interval for the five prediction trials.
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Figure 4: Medial contact forces predicted from the (A) G-Geom & G-Kin, (B) G-Geom & SS-
Kin, (C) SS-Geom & G-Kin and (D) SS-Geom & SS-Kin models and directly measured with the
instrumented knee prosthesis (in vivo measured). Mean and standard deviations from five

prediction trials are shown (shade regions).
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Figure 5: Lateral contact forces predicted from the (A) G-Geom & G-Kin, (B) G-Geom & SS-
Kin, (C) SS-Geom & G-Kin and (D) SS-Geom & SS-Kin models and directly measured with the
instrumented knee prosthesis (in vivo measured). Mean and standard deviations from five
prediction trials are shown (shade regions).

23



(A) RectFem (B) TFL
~ 60+ == ~ 60+
E ~‘s‘_ E
E R N E
£ 40; £ 40;
] ]
£ g
) g 20+
o o
0 | ) L Sso |
0 50 100 50 100
BicFemlh BicFemsh
(©) (D)
—~ 60} —~ 60}
IS S
E E
£ 40} E 40t
S ]
5 5
£ 20t g 20t
@] @]
s =
0 : ‘ 0 ‘ :
0 50 100 0 50 100
SemiTend SemiMem
(E) )
~ 60+ ~ 60+
g g
E E
€ 40; E 40| s ——e
3 < R
% % - \\. .......
£ 20} £ 20¢ -
o o
= =
0 ‘ ‘ 0 ‘ ‘
0 50 100 0 50 100
Knee flexion (degree) Knee flexion (degree)
== SS-GeOM Gen-Geom  =ss===s Byford
Grood (QUAD) Sobczak

- Spoor

Figure 6: Moment arms of selected major muscles estimated by the G-Geom & G-Kin (dashed),

the SS-Geom & SS-Kin models (solid), and those measured experimentally (Buford et al., 1997;
Grood et al., 1984; Sobczak et al. 2013; Spoor et al. 1992) for knee flexion angles from 0° to

100°, and with hip and ankle joints each set at 0° flexion.
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Figure 7: Example of the muscle forces from the SemiMem (A) and VastMed (C), and the
corresponding muscle-tendon moment arms from the SemiMem (B) and VastMed (D) obtained

from the calibration gait trials for each EMG-driven model using the different knee joint geometry

and kinematic models employing the min [AM KFE L AFRMC + AF LC]cost function.
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