
ORIGINAL RESEARCH
published: 17 February 2021

doi: 10.3389/fbioe.2021.642742

Frontiers in Bioengineering and Biotechnology | www.frontiersin.org 1 February 2021 | Volume 9 | Article 642742

Edited by:

Nicola Francesco Lopomo,

University of Brescia, Italy

Reviewed by:

Xiao Hu,

University of Virginia, United States

Yun-Ju Lee,

National Tsing Hua University, Taiwan

David John Saxby,

Griffith University, Australia

*Correspondence:

François Bailly

francois.bailly@umontreal.ca

†These authors have contributed

equally to this work

Specialty section:

This article was submitted to

Biomechanics,

a section of the journal

Frontiers in Bioengineering and

Biotechnology

Received: 16 December 2020

Accepted: 01 February 2021

Published: 17 February 2021

Citation:

Bailly F, Ceglia A, Michaud B,

Rouleau DM and Begon M (2021)

Real-Time and Dynamically Consistent

Estimation of Muscle Forces Using a

Moving Horizon EMG-Marker Tracking

Algorithm—Application to Upper Limb

Biomechanics.

Front. Bioeng. Biotechnol. 9:642742.

doi: 10.3389/fbioe.2021.642742

Real-Time and Dynamically
Consistent Estimation of Muscle
Forces Using a Moving Horizon
EMG-Marker Tracking
Algorithm—Application to Upper
Limb Biomechanics
François Bailly 1*†, Amedeo Ceglia 1†, Benjamin Michaud 1, Dominique M. Rouleau 2,3 and

Mickael Begon 1

1 Laboratoire de Simulation et de Modélisation du Mouvement, Faculté de Médecine, Université de Montréal, Laval, QC,

Canada, 2Department of Surgery, Université de Montréal, Montreal, QC, Canada, 3Department of Orthopedic Surgery,

CIUSSS Nord-de-L’île-de-Montréal, Hôpital du Sacré-Cœur de Montréal (HSCM), Montreal, QC, Canada

Real-time biofeedback of muscle forces should help clinicians adapt their movement

recommendations. Because these forces cannot directly be measured, researchers

have developed numerical models and methods informed by electromyography (EMG)

and body kinematics to estimate them. Among these methods, static optimization is

the most computationally efficient and widely used. However, it suffers from limitation,

namely: unrealistic joint torques computation, non-physiological muscle forces estimates

and inconsistent for motions inducing co-contraction. Forward approaches, relying

on numerical optimal control, address some of these issues, providing dynamically

consistent estimates of muscle forces. However, they result in a high computational

cost increase, apparently disqualifying them for real-time applications. However, this

computational cost can be reduced by combining the implementation of a moving

horizon estimation (MHE) and advanced optimization tools. Our objective was to assess

the feasibility and accuracy of muscle forces estimation in real-time, using a MHE. To

this end, a 4-DoFs arm actuated by 19 Hill-type muscle lines of action was modeled

for simulating a set of reference motions, with corresponding EMG signals and markers

positions. Excitation- and activation-driven models were tested to assess the effects

of model complexity. Four levels of co-contraction, EMG noise and marker noise were

simulated, to run the estimator under 64 different conditions, 30 times each. The MHE

problem was implemented with three cost functions: EMG-markers tracking (high and

low weight on markers) and marker-tracking with least-squared muscle excitations. For

the excitation-driven model, a 7-frame MHE was selected as it allowed the estimator

to run at 24 Hz (faster than biofeedback standard) while ensuring the lowest RMSE on

estimates in noiseless conditions. This corresponds to a 3,500-fold speed improvement

in comparison to state-of-the-art equivalent approaches. When adding experimental-like

noise to the reference data, estimation error onmuscle forces ranged from 1 to 30 Nwhen
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Algorithm 1:MHE pseudo-code

1: mhe_nlp← new_mhe_nlp() // create nonlinear program

2: mhe_nlp.init_data_to_track(sensor_data) // get initial data to track

3: [x, u]←mhe_nlp.solve() // solve nlp and get state and control trajectories

4: store_estimation(x[0], u[0]) // store first estimates of state and control

5:

6: while true do
7: if new_measurement_available then // move forward in time

8: mhe_nlp.update_data_to_track(sensor_data) // get new measurement and discard old one

9: mhe_nlp.update_initial_constraint(x[1]) // impose first state for dynamic consistency

10: mhe_nlp.warmstart(x, u) // provide nlp with initial guess from previous solve

11: [x,u]←mhe_nlp.solve() // solve nlp and get state and control trajectories

12: store_estimation(x[0], u[0]) // store first estimates of state and control

FIGURE 3 | Frequency (mean and standard deviation for 100 tests) at which the moving horizon estimator (MHE) runs as a function of the window size, for activation

and excitation driven formulations. The biofeedback standard is depicted in dashed green.

constant up to a window size of 7 and then increases with
the length of the window size. Similar results can be observed
for the activation driven formulation. In what follows, results
are presented for the excitation-driven formulation. Indeed, we
chose to conduct further analysis with the most advanced model
to demonstrate its ability to deal with activation dynamics,
despite the good performances exhibited by the activation-driven
formulation in both speed and accuracy (see section 4 for a
discussion). In this regard, a window size of 7 was chosen because
it allows the estimator to run around 24Hz, while ensuring
the lowest RMSE on joint kinematics and muscle forces (joint
angle errors < 0.01, muscle force errors 1 N, marker positions
error < 0.01mm).

3.2. Muscle Force Estimates in the
Presence of Marker and EMG Noise
The muscle forces obtained with our method are consistent
with the reference trajectories (Figure 5). When minimizing

muscle excitations, the muscle forces are accurate for most
muscles, except for the ones where the co-contraction occurs
(e.g., Triceps medial and lateral, Brachioradialis, Brachial and
Biceps Brachial long and short). The variability of the EMG-
tracking solutions (blue, Figure 5) comes from the random
noise injected to reference muscle excitations (Figure 2).
In the remainder only the trials for which more than
90% of the optimizations have converged will be kept for
analysis, the others will be ignored. Across all conditions,
the mean convergence rate was 98.95% ranging from 80
to 100%.

3.3. Effect of Excitation Noise and
Co-contraction on Muscle Forces
Estimation
The two-way ANOVA presented significant interactions which
are summed-up in Figure 6. Inside each co-contraction the
RMSE on muscle forces mainly increases with the EMG noise
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FIGURE 4 | RMSE of the moving horizon estimation (MHE) and full window estimation for joint angles (q, deg), muscle forces (N) and marker positions (m) as a

function of the window size, for the excitation-driven and activation-driven formulations. RMSE are displayed in decimal logarithmic scale for the sake of visualization.

FIGURE 5 | Muscle forces estimation obtained with the MHE algorithm for the mid co-contraction level, mid marker noise level and mid EMG noise level (mean ± std,

30 trials). The muscle force references (from the simulation) are represented (in red) along with the estimates obtained by EMG tracking (in blue) and the estimates

obtained by minimizing muscle excitations (in orange).

level (except for one test), with the excitation-minimizing
formulation (blue boxplot) leading to a bigger RMSE for low,
mid, and high co-contraction levels. Moreover the EMG-tracking
formulation can track co-contraction (the RMSE of EMG-
tracking solutions are not significantly sensitive to the co-
contraction level, except for two tests) whereas minimizing the
excitations leads to a RMSE increasing with the level of co-
contraction (p < 0.001).

3.4. Effect of Marker Tracking Weights,
Marker Noise, and EMG Noise on Joint
Angles Estimation
The three-way ANOVA presented significant interactions which

are summed-up in Figures 7, 8 where the RMSE on the joint

kinematics as a function of the marker and EMG noise levels and
of the EMG objective (tracking or minimizing excitations), are
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FIGURE 6 | RMSE (30 trials x 4 marker noise conditions per boxplot) of the MHE on muscle forces as a function of the co-contraction level, the EMG noise level (color

coded from lvl:none to lvl:high) and the type of objective function (EMG tracking or minimizing excitations). * stands for significantly different RMSE (p < 0.001). †

stands for significantly different RMSE for one objective type across all co-contraction levels. (**) stands for significantly different RMSE (p < 0.001) for all objective

types inside one co-contraction level, unless stated otherwise by N.S. Inside each objective type, if not stated otherwise, the RMSE are not significantly different.

FIGURE 7 | RMSE (30 trials x 4 co-contraction level conditions per boxplot) of the MHE on joint kinematics as a function of the marker and EMG noise levels (color

coded from lvl:none to lvl:high) and of the objective function (EMG tracking or minimizing excitations), with a high weight on the marker tracking. * stands for

significantly different RMSE (p < 0.001). † stands for significantly different RMSE for one objective type across all marker noise levels. (**) stands for significantly

different RMSE (p < 0.001) for all objective types inside one marker noise level, unless stated otherwise by N.S.

depicted for higher and lower weights on the marker tracking,
respectively. Across all marker noise levels, the RMSE on the
joint kinematics increased as the noise on the markers increased
(p < 0.001). When emphasizing the marker tracking (higher
weight, Figure 7), the level of EMG noise did not have a

significant effect on the quality of the joint kinematics estimation
for the low, mid and high marker noise levels (except for two
tests). In this case, essentially, the choice between minimizing or
tracking the excitations does not significantly affect the RMSE on
joint kinematics.With a lowermarker tracking weight (Figure 7),
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FIGURE 8 | RMSE (30 trials x 4 co-contraction level conditions per boxplot) of the MHE on joint kinematics as a function of the marker and EMG noise levels (color

coded from lvl:none to lvl:high) and of the objective function (EMG tracking or minimizing excitations), with a low weight on the marker tracking. *stands for significantly

different RMSE (p < 0.001). † stands for significantly different RMSE for one objective type across all marker noise levels. (**) stands for significantly different RMSE (p

< 0.001) for all objective types inside one marker noise level, unless stated otherwise by N.S.

the RMSE on the joint kinematics also significantly depends on
the level of EMG noise (it systematically increases with the level
of noise, with the excitation-minimizing formulation leading to a
higher RMSE, p < 0.001). But in this case, the RMSE on the joint
kinematics is always significantly smaller when tracking the EMG
signals for the none level and almost always for the low and mid
levels, than when minimizing muscle excitations (p < 0.001).

4. DISCUSSION

Our objective was to achieve a real-time and dynamically
consistent estimation of muscle forces and joint kinematics
from EMG signals and marker positions. As a proof-of-
concept, we used a 4-DoFs and 19 muscle elements arm model.
We found that this estimation problem was tractable in real
time, estimating muscle forces at up to 30 Hz. To guarantee
dynamic consistency, the problem was formulated as a moving-
horizon forward approach discretized using a direct multiple
shooting formulation.

Compared to state-of-the-art dynamically consistent
estimation of muscle forces and joint kinematics (Bélaise et al.,
2018a), the tremendous speed increase (3500x real-time vs. real-
time) comes from three major methodological improvements.
First, all the dynamic computations were written in CasADi
symbolics to efficiently and automatically compute the first and
second derivatives required by the non-linear solver (Andersson
et al., 2019). Moreover, the problem was solved using the fast
non-linear solver acados (Verschueren et al., 2019). To the best
of our knowledge, this is the first time that acados was used in

a biomechanical study. We believe that it is a very promising
tool for optimization-in-the-loop biomedical applications with
real-time expectations. As shown by the performances of the full
window estimation (see section 3.1), the combination of these
two contributions resulted in a 945-fold increase (3.7x vs. 3500x
real-time) of the resolution speed. Finally, by formulating the
estimation problem on a moving horizon, which is a necessary
condition to be able to process data on the fly and implement
true real-time software, the remaining speed improvement
was achieved, without compromising the convergence (98.95%
success rate on 1920 different problems). With the prospect of
making our code accessible to the largest audience, an effort was
put in the development of a Python interface (Michaud et al.,
2020), to facilitate the setup and help solve general optimization
problems in biomechanics. This should be of particular interest
to the community (C++ is used in other available solutions,
Bélaise et al., 2018a; Dembia et al., 2019).

First, the estimation algorithm was run onto noiseless
measurements to report its behavior with regard to a classic
full window approach. This step was essential to choose the
size of the estimation window that best met the speed/accuracy
tradeoff. Indeed, in section 3.1 it was reported that the RMSE
tended to increase with the length of the window size. This
is explained by the fact that, as the window size increases,
the solving speed decreases, thus new measurements are more
distant from one another, the quality of the initial guess is
degraded and each subproblem is harder to solve. We also
showed that, for the model and motion investigated in this work,
the activation-based formulation accuracy was similar to the
excitation-based one. This is the result of the activation-based
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formulation being faster (by about 10 Hz for a same window
size), meaning that the tracked measurements are subsampled
by a smaller factor and the resulting optimization problem is
therefore better informed. Before deciding on the relevance of
modeling activation dynamics when estimating muscle forces,
this finding should be further investigated on a wider range of
models and motions. As stated earlier, to illustrate the ability of
our formulation to deal with activation dynamics, the excitation-
based formulation was kept for further analyses. For the model
used in this study, a 7-sample window appeared to be the optimal
choice. It led to the lowest error on all variables of interest, while
running at 24 Hz, which is approximately twice the biofeedback
standard. This time margin of about 80 ms will be crucial when
carrying the method out in an experimental context as it leaves
time for other computing tasks while remaining in real-time (e.g.,
EMG and markers processing, visualization, warm-starting with
an extended Kalman filter, etc.). All these side computations are
commonly carried out in real-time (Zohar and van den Bogert,
2008;Menegaldo, 2017; Pizzolato et al., 2017b, 2020) and could be
run in parallel, opening up the possibility of working with more
complex models. For instance, in Pizzolato et al. (2017b), data
processing in Vicon Nexus, time delays caused by the filtering
phase shift and refresh time of the monitor used to provide the
visual biofeedback accounted for 50% of the total processing time,
i.e., 58 ms. Since our implementation is parallelized (specifically
the integrations of the shooting intervals), the main leverage
to increase our solving rate would be the number of cores
(unreported results). Forward approaches are also able to handle
the fact that in practical situations, it is frequent that only a
limited number of muscle EMGs are available for tracking. In
that case, several heuristics can be implemented to overcome this
lack of information [as done in CEINMS, Pizzolato et al. (2015)
], such as mapping, synergies or least activation criterion for the
uninformed muscles.

The performances of the present method should be put in
perspective with the static optimization results in VanDen Bogert
et al. (2013), where joint kinematics and kinetics of a 44-
DoFs full-body model with 300 muscle elements were computed
at 120 Hz and of the hybrid approach in Pizzolato et al.
(2017b), where joint kinematics and kinetics of a 23-DoFs lower-
body model with 34 muscle elements were computed at 17.5
Hz (excluding aforementioned side computations). In terms
of number of DoFs and muscle elements, the model used in
the present study is simpler. Compared to Van Den Bogert
et al. (2013), the estimation rate is also much lower, but
promisingly, it is above the one reported in Pizzolato et al.
(2017b). As stated in the introduction, the computational burden
of our method is the price to pay to estimate dynamically
consistent muscle forces and joint kinematics. Given the
computational breakthrough reported in the present work, we
believe that forward approaches, once disqualified for real-time
applications, should be investigated further because they provide
physiologically plausible estimates of muscle forces, without the
issues surrounding differentiation of ill-conditioned kinematic
data. In order to have a sense of how the presented method
would scale up to more complex upper limb models such as the
ones developed in Saul et al. (2015) and Rajagopal et al. (2016),

we conducted a quick test. Sixteen muscles from our original
model were duplicated with slightly modified insertion points
and isometric forces reduced by half. With this 35 muscle
elements model, both formulations performed similarly to the
previousmodel in terms of estimation errors. On a regular laptop,
the excitation-driven formulation ran at 10 Hz, which is under
the biofeedback standard. The activation-driven formulation
however ran at 21 Hz which satisfies the biofeedback standard.
On a regular laptop, this would certainly imply to go with
the activation-driven formulation which was shown to be
comparable to the excitation-driven one on this type of motions.
Future improvements in optimal control software and in the
computational efficiency of processors should quickly allow the
application of this method to bigger models while remaining
in real-time.

In a second stage, the MHE algorithm was applied to
experimental-like data with simulated noise, whose properties
were chosen with care. On this occasion, we introduced an
new way of simulating EMG noise, using the properties of
the Fourier transform. Results from the noise analysis are as
expected, as the RMSE on the variables of interest generally
increases with the level of the noise. They also confirm the
superiority of an EMG tracking formulation over minimizing
excitations when processing motions involving co-contraction
(Figure 6), reinforcing the findings of Bélaise et al. (2018a),
Moissenet et al. (2019), and Lloyd and Besier (2003). We
showed that, because our tracking variables are of a completely
different nature (marker positions and EMG signals), they
complement each other. For instance, when the experimental
noise is higher on marker positions and lower on the muscle
excitations, tracking the EMG signals improves the accuracy
of the joint angles estimation with regard to just minimizing
muscle excitations (Figure 8). Even if such noise conditions
are unlikely to happen in experimental circumstances (marker
kinematics are generally more accurate than EMG) this result
illustrates the strength of our formulation which boils down to
a dynamically consistent data fusion from different sensors. In
a clinical context, where classical motion capture systems are
often too demanding to be used, such a method could still give
relevant results with less accurate kinematic data (Xsens, Leap
Motion), enhanced by EMG signals. In the present work, we
chose to work with markers according to the recommendations
from Bélaise et al. (2018b), but a recent study suggests that
tracking joint angles instead of markers improves convergence
(Febrer-Nafría et al., 2020). In terms of solving speed, the
outcomes of such a change in the tracked data should be
investigated further since, if it simplifies the kinematic tracking
term, turning the non-linear quadratic program into a linear
one, it requires a round of inverse kinematics. Finally our
MHE formulation proved to be a promising solution for
estimating muscle forces, even on data with experimental-like
levels of noise.

While low-frequency noise was added to EMG signals and
although marker positions were biased on a surrogate model, the
main limitation of this study is that muscle models (geometry
and properties of Hill actuators) and inertial parameters were
kept unchanged between the reference and the experimental
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models, like in Bélaise et al. (2018b), Moissenet et al. (2019).
As the MHE is a novel approach in biomechanics, it should be
investigated further to quantify its ability to cope with this type
of model noise. The estimation error coming from biased inertial
parameters should be moderate, especially for slow movements
such as the one investigated in the present study. However,
an off-line calibration of muscle parameters will be essential
before the use of MHE in experimental conditions as done
for hybrid approaches in Pizzolato et al. (2017b). Besides, the
modeling of the markers positioning error could be improved
by enforcing their random displacements on a manifold locally
matching the skin surface. Furthermore, we only implemented a
single dynamics (without contact forces) as a proof-of-concept.
Additional developments (similarly to the changes implemented
in Moissenet et al. (2019) compared to Bélaise et al. (2018b)) will
therefore be required to adapt the MHE to walking for example,
namely the tracking of the contact forces and the transition of the
sliding window between phases (implying a change in the set of
ordinary differential equations). Moreover, changing the model
and the dynamics of the motion might affect the convex speed
accuracy trade-off found in this study.

In conclusion, this work demonstrates the relevance of
moving horizon forward approaches for muscle forces estimation
in biomechanics. Thanks to an appropriate formulation and
efficient numerical software, the results show that real-time
estimation of muscle forces is achievable on a standard personal
laptop. Further studies need to be conducted in order to
generalize these findings on several models and motions, but
the presented developments are really promising for real-time
biofeedback in the context of rehabilitation.
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