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A B S T R A C T

Background: Assessment of contact forces is essential for a better understanding of mechanical factors affecting
progression of osteoarthritis. Since contact forces cannot be measured non-invasively, computer simulations are
often used to assess joint loading. Contact forces are to a large extent determined by muscle forces. These muscle
forces are computed using optimization techniques that solve the muscle redundancy problem by assuming that
muscles are coordinated in a way that optimizes performance (e.g., minimizes muscle activity or metabolic
energy). However, it is unclear which of the many proposed performance criteria best describes muscle co-
ordination.
Research question: Which performance criterion best describes muscle recruitment patterns and knee contact
forces recorded using electromyography (EMG) and load cell instrumented prostheses?.
Methods: We solved the muscle redundancy problem based on six different groups of performance criteria:
muscle activations, volume-scaled activations, forces, stresses, metabolic energy, and joint contact forces.
Computed muscle excitations and knee contact forces during over-ground walking were validated against re-
corded EMG signals and measured contact forces for four subjects with instrumented knee prostheses in the
“Grand Challenge Competition to Predict in Vivo Knee Loads” dataset.
Results: Performance criteria based on either stress or muscle activation (either unscaled or scaled by muscle
volume), both to a power of 3 or 4, resulted in the best agreement between measured and simulated values.
These performance criteria outperformed all other criteria in terms of agreement between simulated muscle
excitations and EMG, whereas good agreement between measured and predicted contact forces was also ob-
served for minimization of contact forces and metabolic energy.
Significance: Given the large differences in accuracy obtained with different performance criteria (e.g., root
mean square errors of contact forces differed up to 0.45 body weight), the results of our study are important to
improve the validity of in silico assessment of joint loading.

1. Introduction

Assessment of knee contact forces is essential for a better under-
standing of mechanical factors affecting osteoarthritis [1] and the
longevity of total knee arthroplasty [2]. Since contact forces in intact
knees cannot be measured non-invasively, computer simulations have
been commonly used to assess joint loading [3]. A common approach is
using musculoskeletal modeling combined with measured kinematics
and external forces to compute muscle forces. Joint contact forces are
then determined based on the resultant muscle forces [4]. However,

estimation of muscle forces is complicated due to the overactuation of
human joints. Optimization methods solve the muscle redundancy
problem by assuming that individual muscle contributions to joint
torques optimize performance [5].

Multiple performance criteria for solving the muscle redundancy
problem have been suggested. Yet, it is unclear which criterion results
in the most accurate estimate of muscle forces. The main performance
criteria can be classified into minimizing (1) muscle activations [5], (2)
muscle activations scaled by muscle volumes [6], (3) muscle forces
[5,7], (4) muscle stresses [7–9], (5) muscle metabolic energy
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expenditure [10], and (6) joint contact forces [11]. The first four groups
have been suggested to maximize muscle endurance [8]. For repetitive
and prolonged activities like walking, endurance is presumed to play a
key role in selecting muscle coordination [8]. Experimental studies
found that muscle endurance is inversely related to muscle force to a
power between 1.5 and 5 [12]. Minimizing muscle forces, however,
does not account for differences in the muscles’ potential for force
production. Muscle stress is an alternative for muscle force that takes
into account muscle strength by normalizing muscle force by physio-
logical cross sectional area (PCSA) [8]. The instantaneous force gen-
erating potential of muscles is also function of their length and velocity,
which are neglected in the stress performance criterion. Hence, muscle
activation (i.e., the ratio of muscle force and instantaneous maximal
force) accounts for the dependence of muscle force on length and ve-
locity [5]. Scaling of muscle activation by muscle volume was in-
troduced to more uniformly distribute stress over synergistic muscles
[13]. Humans prefer to walk with a step length and speed that mini-
mizes metabolic energy consumption. Accordingly, it has been hy-
pothesized that minimization of metabolic energy underlies muscle
selection [14]. A recent study suggested that minimization of joint
contact forces results in more accurate contact force estimates by pre-
venting excessive loading of the joints [11].

A comprehensive study comparing all these different criteria is
lacking, although partial comparisons have been made. Monaco et al.
compared performance criteria based on muscle stress with different
powers and found that powers of 2.74–4 resulted in the best fit with
electromyography (EMG) [9]. Pedotti et al. concluded that minimizing
muscle activations with a power of 2 outperformed minimizing muscle
forces, and muscle activations with a power of 1 [5]. Ackermann et al.
compared muscle activations and volume-scaled muscle activations
with different powers and found that minimizing volume scaled acti-
vations with a power of 10 produced realistic 2D gaits [6]. Collins et al.
found that minimizing muscle forces, muscle stresses, muscle powers,
and joint contact forces resulted in similar activity patterns during gait
while minimizing ligament forces was least successful in reproducing
EMG data [7]. However this study did not include minimization of
metabolic energy expenditure, muscle activations with a power of 2
(the best criterion according to [5]), and stress with powers of 2.74–4
(outperforming power 1 according to [9]).

While previous studies evaluated optimality criteria based on the
agreement between simulated muscle excitations and EMG, further
insight can be gained by comparing measured and estimated contact
forces. Joint contact forces are mainly determined by muscle forces, and
hence, by muscle coordination [15]. Therefore, we used, for the first
time to our knowledge, contact forces as an additional means over EMG
signals to evaluate different performance criteria for multiple subjects.
In vivo measured joint contact forces [16] that could be used for this
purpose are available for subjects with instrumented knee prostheses.
Comparing measured and simulated contact forces is especially useful
since EMG is a qualitative measure restricted to a subset of superficial
muscles.

We evaluated an extensive set of performance criteria to identify the
criterion that best predicts muscle recruitment and therefore results in
the most accurate estimation of knee contact forces. We investigated six
different groups of performance criteria, including muscle activations,
muscle activations scaled by muscle volume, muscle forces, muscle
stresses (each with powers of 1, 2, 3, 4, and 10), metabolic energy
consumption and joint contact forces. We used a computationally effi-
cient formulation for solving the muscle redundancy problem while
accounting for muscle dynamics [17]. Accounting for muscle dynamics
was essential for investigating performance criteria related to muscle
states, such as metabolic energy consumption. Computed muscle ex-
citations and contact forces were validated against EMG and measured
contact forces in four subjects with an instrumented knee prosthesis
[16].

2. Methods

2.1. Experimental data

Data was previously collected in four older adults with in-
strumented knee implants (mass= 72.9 ± 4.7 kg, height= 171 ±
6 cm, age= 86 ± 1 years) available through the third to sixth “Grand
Challenge Competition to predict in vivo Knee Loads” [16] (see sup-
plementary table S2 for subject specifications). For each subject, data
for four gait trials (beginning at heel strike of the instrumented knee
side) of over-ground walking at a self-selected speed (1 ± 0.24m/s)
was used. Data included marker trajectories, ground reaction forces,
measured tibio-femoral contact forces, and EMG of 13 muscles.

2.2. Musculoskeletal model

Data was processed based on a generic musculoskeletal model
(OpenSim Gait2392) [18] containing 6 rigid body segments (pelvis,
femur, tibia, talus, calcaneus, and toes), 9 degrees of freedom (ball–-
socket joints with 3DOF for hip and knee joints, and hinge joints with
1DOF for ankle, subtalar, and metatarsophalangeal joints), and 43 Hill-
type muscle-tendon actuators per leg. The generic model was scaled
based on marker positions collected during a static trial. Gastrocnemii
and soleus tendon stiffness was reduced by 30 percent to better match
experimental Achilles tendon stiffness in older adults [19].

2.3. Dynamic simulation of motion

Joint kinematics during walking were estimated from the 3D marker
trajectories using a Kalman smoothing algorithm [20]. Inverse dy-
namics joint torques were then computed based on the estimated joint
kinematics and measured ground reaction forces using OpenSim’s In-
verse Dynamics tool. Joint kinematics were input to calculate muscle-
tendon lengths and moment arms using OpenSim’s Muscle Analysis
tool. Subsequently, the muscle redundancy problem was solved by
minimizing a performance criterion while accounting for muscle dy-
namics using direct collocation [17]. Muscle dynamics consists of both
activation dynamics, which relate muscle excitations to muscle acti-
vations [21], and Hill-type contraction dynamics, which relate muscle
activations to muscle forces [22]. The muscle torques were imposed to
match the inverse dynamics hip, knee flexion/extension, and ankle
torques. The muscle redundancy problem could be solved for a single
leg, since the muscle force distribution in one leg does not influence the
force distribution in the other leg. We used six groups of performance
criteria (Fig. 1B). The first four groups minimized the sum of muscle
activations, volume-scaled muscle activations, muscle forces, and
muscle stresses, each with powers of 1, 2, 3, 4, and 10. Muscle stress
was defined as muscle force divided by PCSA, obtained by dividing the
muscle’s maximal isometric force by a specific tension of 61 N/cm2

[23]. The fifth and sixth groups minimized metabolic energy ex-
penditure, calculated using Umberger et al.’s model [24], and the sum
of squared joint contact forces in the hip, knee, and ankle joints. Con-
tact forces at each joint were calculated as the sum of the net inter-
segmental joint forces and muscle forces spanning the joint. The di-
rection of muscle forces acting on each body were obtained using an
OpenSim plugin [25]. Knee contact forces were calculated using
OpenSim’s Joint Reaction analysis based on calculated muscle forces.
Fig. 1 summarizes this workflow.

2.4. Outcome measures

The first outcome to evaluate the different performance criteria was
the correlation between predicted muscle excitations and EMG signals
for 13 muscles for which EMG was measured (semimembranosus, bi-
ceps femoris, vastus lateralis, rectus femoris, medial and lateral gas-
trocnemius, tensor fasciae latae, tibialis anterior, peroneus longus,
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soleus, gluteus maximus, adductor magnus, and sartorius). EMG signals
were band-pass filtered (20–300 Hz), full wave rectified, and low-pass
filtered (10 Hz). Pearson’s correlation coefficient was used to evaluate
the similarity between measured and predicted muscle coordination
patterns independent of amplitude, which cannot be accurately ob-
tained through EMG. The second outcome was the root mean square
(RMS) error and the Pearson’s correlation coefficient between predicted
and measured knee contact forces. Correlation coefficients and RMS
errors were calculated for each trial based on all time frames within the
trial.

3. Results

Muscle excitations and knee contact forces were both estimated
most accurately when using performance criteria based on either acti-
vation, volume-scaled activation, or stress with a power of 3–4 (Fig. 2A-
B). These criteria resulted in the highest correlation coefficients for both
contact forces and muscle excitations (Fig. 2A), and low RMS errors for
contact forces (Fig. 2B). Activations, volume-scaled activations, forces,
and stresses with a power of 1 were the least successful criteria in re-
producing muscle recruitment patterns and/or knee contact forces
(Fig. 2).

Activation, volume-scaled activation, force, and stress criteria with
a power between 2–4 resulted in similar correlation coefficients be-
tween EMG signals and predicted muscle excitations. Correlations were
markedly lower for activation, volume-scaled activation, force, and
stress criteria with a power of 1, as well as for metabolic energy and
contact force criteria. Correlations varied between different muscles
(Table 1). None of the performance criteria accurately estimated rectus
femoris, adductor magnus or sartorius activation (Table 1, Fig. 2).

The performance criteria influenced the amplitude of the estimated
muscle excitations (Fig. 3 for subject 1 and Fig. S2-S5 in supplement for
subjects 2–4). Scaling versus not scaling activations by muscle volume
favored excitation of smaller muscles like tensor fascia latae, and lateral
gastrocnemius and lowered the excitation level of larger muscles such
as gluteus maximus, medial gastrocnemius, and soleus (Fig. 3A-B).
Minimizing muscle forces resulted in high excitations of muscles with

smaller maximal isometric forces (e.g., tensor fascia latae, sartorius,
lateral gastrocnemius) and low excitations in muscles with higher
maximal isometric forces (e.g., iliacus, psoas, soleus) (Fig. 3C). In
contrast, scaling muscle forces by PCSA in the stress-based criteria re-
sulted in higher excitations of muscles with smaller maximal isometric
forces (Fig. 3D). In general, higher powers resulted in rather uniform
excitations across muscles, whereas lower powers and minimizing
contact forces and metabolic energy resulted in the recruitment of a
limited number of muscles with high levels of excitation (Fig. 3).
Minimizing metabolic energy resulted in high excitation of smaller
muscles (e.g., tensor fascia latae, sartorius, lateral gastrocnemius;
Fig. 3E). Minimizing contact forces led to low excitations of bi-articular
muscles (e.g. medial gastrocnemius, semimembranosus, Fig. 3F). Unlike
the other criteria, both metabolic energy and contact forces failed to
predict the experimentally observed (EMG) co-contraction of antag-
onistic quadriceps-hamstrings muscles during loading response
(Fig. 3E-F).

Best agreement between measured and predicted contact forces, i.e.,
high correlation coefficient (Fig. 4B) combined with low RMS error
(Fig. 4A), was observed for activations, volume-scaled activations, and
stresses with a power of 2–4, contact forces, and the criteria that
combined minimization of metabolic energy and muscle activations
with a power of 2 (Fig. 4). Activation-based criteria with a power of 10
resulted in high correlation coefficients for both muscle excitations and
contact forces, yet high RMS errors in contact forces. Except for mini-
mizing contact forces, all formulations tended to overestimate the
second peak of the contact force (Fig. 5).

4. Discussion

We evaluated an extensive set of performance criteria that have
been suggested to explain muscle coordination during walking by
comparing both predicted excitations and contact forces against mea-
sured data. Accounting for muscle dynamics when solving the muscle
redundancy problem allowed us to evaluate minimization of metabolic
energy consumption using the model proposed by Umberger et al. [24].
This would not have been possible with a static optimization approach.

Fig. 1. Illustration of the inverse dynamics-based workflow for the estimation of muscle and contact forces (A) using 6 different groups of performance criteria (B).
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Our results suggest that minimizing muscle activations or volume-
scaled activations with exponents of 3 or 4 results in the most accurate
prediction of muscle excitations and knee contact forces during
walking. Combining EMG and measured contact forces to validate si-
mulation outcomes was key to reach this conclusion. Neither EMG nor
contact forces alone would have allowed us to distinguish the suitability

of different criteria as clearly (see criteria that fall in one but not both
gray bands in Fig. 2). In addition, we illustrated that the performance
criteria had a large effect on the accuracy of the estimated contact force
with RMS errors ranging from 0.39 to 0.86 BW. Hence, differences in
contact forces between performance criteria are in the order of differ-
ences between healthy subjects and patients with osteoarthritis [26]

Fig. 2. Agreement between estimated and
measured muscle excitations and knee contact
forces. Coefficient of correlation between
measured and predicted muscle excitations
averaged over muscles and subjects, versus (A)
coefficient of correlation and (B) RMS error
between measured and predicted knee contact
forces averaged over subjects for six groups of
performance criteria: muscle activation, vo-
lume scaled muscle activation, muscle force,
muscle stress, metabolic energy and joint con-
tact force (sum of squared contact forces in the
hip, knee, and ankle joints). Numbers inside
the markers used to represent each group of
performance criteria indicate the power to
which the criterion was raised. For criteria
based on metabolic energy and contact force,
the marker’s legend “plus activation” refers to
adding muscle activation with a power of 2 to
minimizing metabolic energy or contact forces.

Table 1
Correlation coefficients between muscle excitations and EMG signals for each muscle, averaged over four trials and four subjects. For each muscle, top 30 percent
correlation coefficients amongst different performance criteria are highlighted in green, and bottom 30 percent correlation coefficients amongst different perfor-
mance criteria are highlighted in red. (For interpretation of the references to colour in this table legend, the reader is referred to the web version of this article).
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and are thus clinically relevant.
The more accurate estimation of contact forces and EMG signals

based on activation, volume-scaled activation and stress criteria com-
pared to force-based criteria indicates the importance of accounting for
the (instantaneous) potential of the muscles to generate force. Overall,
criteria based on volume-scaled activation on the one hand, and stress
and activation on the other hand reproduced measured data equally
well. However, they resulted in different estimates of excitations and
contact forces as volume-scaled activation criteria favored excitation of
smaller muscles [6] (Fig. 3B). Comparison between EMG and computed
muscle excitations suggests that criteria that distribute excitations
across all muscles fairly uniformly (i.e., formulations with a power of
3–10) better capture muscle recruitment than linear criteria (Table 1).

This is in agreement with previous results for gait [6,9]. Contact forces
are estimated equally well when using activation-based criteria with a
power of 2 versus a power of 3 or 4. However, the higher accuracy of
estimated muscle excitations obtained with higher powers suggests that
a power of 2 underestimates the cost of high muscle activations. Al-
though using a power of 10 results in high correlations for both contact
forces and excitations, the high RMS errors of the estimated contact
force suggests that this criterion overestimates the total muscle force.

Although minimization of metabolic energy is thought to drive gait
selection based on the observation that humans prefer walking speeds
and step frequencies that minimize metabolic energy consumption
[27], this criterion resulted in poor estimates of muscle excitations and
contact forces. Minimizing metabolic energy heavily penalizes

Fig. 3. Muscle excitations patterns shown for subject 1. Excitations patterns estimated based on different performance criteria (muscle activation, volume scaled
muscle activation, muscle force, muscle stress, metabolic energy and joint contact force) were averaged over four trials. Available EMG signals (gray areas) were
averaged over four trials and were scaled to the average maximum excitation predicted in the activation-based criteria for 13 muscles (semimembranosus (semim),
biceps femoris (bif), vastus lateralis (vasl), rectus femoris (recf), medial (mgas) and lateral gastrocnemius (lgas), tensor fasciae latae (tfl), tibialis anterior (tiban),
peroneus longus (perl), soleus (sol), gluteus maximus (gmax), adductor magnus (amag), and Sartorius (sar)). Estimated excitations are also plotted for Iliacus (ilia),
semitendinosus (semit), and psoas (pso) muscles.
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excitation of big muscles such as vastus lateralis and semimembranosus
and therefore, does not capture the observed co-contraction of quad-
riceps and hamstrings in early stance (Fig. 3E). This in turn leads to a
small first peak of the estimated knee contact forces (Fig. 5E). The
higher accuracy of predicted muscle excitations when minimizing a
weighted sum of metabolic energy and activations with a power of 2
suggests that a multi-objective performance criterion might better
capture muscle recruitment during walking than minimizing metabolic
energy alone (Fig. 2).

Minimizing joint contact forces in the ankle, knee and hip resulted
in estimates of knee contact forces that were as good as estimates ob-
tained with activation-based criteria but at the cost of poor correlations
between EMG and estimated excitations (Fig. 2). Minimizing a
weighted sum of activations with a power of 2 and contact forces,
however, improved the accuracy of predicted muscle excitations while
retaining accurate estimates of the knee contact forces (Fig. 2). This
suggests that minimization of contact forces does not explain muscle
recruitment by itself but might be a contributing factor. Our dataset of
relatively healthy walking movements might not allow enlightening the
role of contact force minimization in muscle recruitment, as a previous
study found that contact forces played an important role in muscle
recruitment in a pathological (ruptured vastus lateralis) animal model
[28].

The present study had some limitations. First, the subjects in this
study were older adults with artificial knees and might not be fully

representative for healthy young adults with native knee joints. Second,
we used a scaled generic musculoskeletal model. The accuracy of esti-
mated contact forces relies on both the musculoskeletal model and the
approach used to solve the muscle redundancy problem. It is likely that
errors in modeling musculoskeletal geometry (e.g. muscle moment
arms) and muscle-tendon properties contributed to differences in ac-
curacy between subjects (e.g., generic model might have been closer to
subject 1 than to subject 3). For example, adjusting maximum isometric
forces using subject-specific values has been shown to improve the
accuracy of estimated knee joint contact forces [29]. Third, muscle
recruitment patterns were computed based on a very simple model of
motor control, i.e., the minimization of a simple performance criterion.
We did not explore the combination of more than two criteria, although
it seems likely that multiple criteria are simultaneously optimized
during walking. Additionally, the absence of spinal reflexes in our
model might explain why we were unable to reproduce the EMG for
some muscles. For rectus femoris, crosstalk in the EMG signal caused by
the neighboring muscles (vasti muscles) might have contributed to the
poor correlation with estimated muscle excitation [30].

In conclusion, we found that muscle coordination and contact forces
could be more accurately estimated from kinematic and kinetic data
collected during walking by minimizing muscle activations, volume-
scaled activations or stresses rather than muscle forces, metabolic en-
ergy or joint contact forces to solve the muscle redundancy problem.
Our results suggest that using activations to a power of three or four

Fig. 4. Fit between measured and simulated knee contact forces for individual subjects. RMS error (A) and coefficient of correlation (B) between measured and
predicted knee contact forces are depicted for four subjects and different performance criteria in six groups: muscle activation, volume scaled muscle activation,
muscle force, muscle stress, metabolic energy and joint contact force (sum of squared contact forces in the hip, knee, and ankle joints).
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yields more accurate results than the more commonly used criterion,
activations with a power of two.
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