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This review paper provides an overview of the approaches to model neuromuscular control, focusing on methods to identify
nonoptimal control strategies typical of populations with neuromuscular disorders or children. Where possible, the authors
tightened the description of the methods to the mechanisms behind the underlying biomechanical and physiological rationale.
They start by describing the first and most simplified approach, the reductionist approach, which splits the role of the nervous and
musculoskeletal systems. Static optimization and dynamic optimization methods and electromyography-based approaches are
summarized to highlight their limitations and understand (the need for) their developments over time. Then, the authors look at
the more recent stochastic approach, introduced to explore the space of plausible neural solutions, thus implementing the
uncontrolled manifold theory, according to which the central nervous system only controls specific motions and tasks to limit
energy consumption while allowing for some degree of adaptability to perturbations. Finally, they explore the literature covering
the explicit modeling of the coupling between the nervous system (acting as controller) and the musculoskeletal system (the
actuator), which may be employed to overcome the split characterizing the reductionist approach.
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To produce controlled movements, the human central nervous
system (CNS) sends excitation signals to the skeletal muscles in the
form of motoneurons action potentials, causing their contraction in
a timely fashion. Traditionally, neurophysiologists focus on the
control unit (the nervous system) rather than on the actuation unit
(the musculoskeletal system), while biomechanists do the opposite.

It has been observed experimentally!-? that the nervous system
of healthy adult subjects who are performing nonmaximal motor
tasks, such as level walking, select those muscle activation patterns
that, while ensuring instantaneous equilibrium and the desired
kinematics, also minimize certain cost functions (eg, the smallest
consumption of metabolic energy). For this reason, this particular
control strategy is frequently referred to in the biomechanics
literature by the term optimal control.3=> Studying the movement
of a human body under optimal control only requires detailed
modeling of the dynamics of the musculoskeletal system (MSK
system), and the neuromuscular control mechanisms can be re-
presented implicitly by imposing such an optimal control.®

Unfortunately, most applied biomechanics research focuses on
the movement of nonhealthy, and frequently also nonadult, sub-
jects. A child with cerebral palsy or an elder with an artificial total
knee replacement surely does not usually walk by adopting an
optimal control strategy. But modeling nonoptimal control is a lot
more challenging, and it remains one of the open problems in
applied biomechanics research.

This review paper summarizes some of the work done so far on
this topic. The review is organized in 3 parts:

* First, we provide some examples of the traditional reductionist
approach, with the older neurophysiology literature investi-
gating the neuromuscular control modeling the MSK system
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in an oversimplified way and the biomechanics literature
investigating human movement assuming optimal control.

e Then, we will look at the more recent literature exploring
neuromuscular control as a combination of multiple cost
functions, a stochastic process, and a derivation of the uncon-
trolled manifold theory.

¢ Last, we will look at the most recent literature, which tries to
overcome the reductionist split between biomechanics and
neurophysiology and explore the possibility of explicitly also
modeling the controller which, depending on the different
theories, might rely on voluntary control of the involuntary
reflex chain on central pattern generators (CPG), or more
complex predictor—corrector controllers (Figure 1).

Reductionism in Action: Separation
Between Controller and Actuator

In the mid-60s, biomechanics research dealt with a complex
problem: how to unravel the redundancy of the musculoskeletal
system, a system with more actuators (the muscles) than degrees of
freedom. In other words, if several options (in terms of muscle
forces and activations) are available, how can we tell which
“strategy” the CNS selects to achieve a specific goal? The so-
called muscle redundancy (MR) problem was first introduced by
Nikolai Bernstein in 1967.7 In the decades following, several
solutions to the MR problem were proposed, in most cases
supported by scientific (physiological) evidence and experimental
studies.

Static and Dynamic Optimization Approaches

Under the assumption that the CNS adopts a single strategy (among
infinite available) according to an unspecified physiological crite-
rion (eg, minimization of muscle stresses), an elegant yet simplistic
and reductionist approach was theorized. The MR problem could
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Static optimization
Dynamic optimization
EMG-informed methods

LO:

Reductionist approach

L1:

Parametric model
Null-space algorithm
Marcov Chain Monte Carlo scheme

Stochastic approach

L2

Central pattern generator (neural oscillators method)
Reflex-chain (feedback and feedforward loops)
Optimal control methods

Controller-actuator

Figure 1 — Summary of the 3 approaches developed and adopted over the years to estimate muscle activations and forces using musculoskeletal

models. EMG indicates electromyography.

be described as an optimization problem, where a given cost
function (representative of the intended physiological criterion)
was to be minimized or maximized. Thus, providing an “optimal”
solution to the problem.

In 1973, taking on this concept, Seireg and Arvikar® proposed
a cost function comprising 2 weighted terms, one for the individual
muscle forces and one for the joint moments (Eq. 1). At each time
frame, within a simulation, the cost function was minimized, to
provide an “optimal” solution that produced nonnegative muscle
forces and guaranteed dynamic equilibrium (joint dynamics):

=S F S M, 1)
i=1 i=1

Thus, the MR problem is reduced to a simple equilibrium problem
but disregards the link between neural command (brain and CNS)
and muscle activation and force generation.

Despite this, the idea rapidly gained momentum. The same
approach was employed to study human and animal® musculoskel-
etal biomechanics in several works, to get insights into the role of
muscles in various districts of the body, including the masticatory
system,'9 the upper limbs (shoulder, elbow and wrist),'!=2° the
spine,?!~2# and the lower limbs (hip, knee, and ankle).?>-33 Varia-
tions of the linear cost function proposed by Seireg et al3* were
introduced, for example, which minimized relative muscle forces,
discouraging the large muscles in the model from providing the
biggest contribution. Formulations not including the second term in
(Eq. 1), which is associated with the external joint moments, also
began to appear. Of note, the propensity for a linear rather than a
nonlinear cost function was primarily due to numerical reasons.
Algorithms for efficient and stable solutions were already widely
used for linear optimization compared to nonlinear optimization
algorithms,?” with no physiological ground.’? Traditional ap-
proaches (eg, simplex method) to solve the MR problem via the
optimization of linear cost functions may lead to the sole recruit-
ment of a limited (minimal) number of muscles (which is not
consistent with electromyography [EMG] recordings).3>-*¢ More-
over, to penalize excessive individual muscle forces, nonlinear cost
functions were developed where the sum of squared (relative)
muscle forces was minimized. The resulting muscle recruitment
strategy (and activation patterns) better approximated the experi-
mental EMG data'3-3? and was associated with a more physiological

load sharing between muscles, compared to those obtained with
linear cost functions.

This was just the beginning. Advancements in knowledge,
pushed by scientific discoveries in various disciplines, shed new
light on the mechanisms behind/governing human motion and the
principles underpinning the generation of muscle force.37-3% Sev-
eral cost functions were introduced (Table 1), which promised to
represent a physiological criterion (eg, minimization of muscle
stresses). Some were more task specific (eg, to simulate walking or
simple locomotor tasks), and others were district specific (eg, for
the upper or lower extremities).

In 1981, Crowninshield and Brand?” introduced a new physi-
ological property in the cost function: the muscle physiological
cross-sectional area, that is, the cross-sectional area of muscle
multiplied for its cosine of fiber pennation angle. More specifically,
they divided the force term by the muscle physiological cross-
sectional area, defining a cost function that minimized the overall
muscle stress (force over surface). Interestingly, increasing the
power to 21443 or 3,27 the identified “optimal” solution was
representative of a recruitment strategy that minimizes the overall
muscle activation or maximizes muscle endurance to contraction**
(typical in prolonged and repetitive activities?’) respectively.
Along the same line, other authors3® suggested adding some
physiological constraints to the optimization (eg, to minimize the
total mechanochemical power of muscles with similar function/
role)3%; however, it was noticed that the higher the power in the cost
function the lesser the need for additional constraints.!3-3¢ An
et al,!! on the other hand, preferred to treat muscles as independent
from one another (as they are independent in terms of energy stock
and blood provision) and looked for a solution that minimized the
cost function independently for each muscle. Noteworthy, the cost
function suggested by An et al'! and a polynomial cost function
with a high exponent3¢ produce substantially equivalent solutions.

Indeed, healthy individuals tend to minimally activate their
muscles while performing simple locomotor tasks?’ in an attempt
to save energy and/or sustain the activity for long periods of time.
However, the same may not hold true for pathological populations
who may present with spastic (permanently contracted) muscles or
individuals performing strenuous tasks requiring a different meta-
bolic demand (ie, to generate a large amount of muscle force/power
in a short timeframe).*> Furthermore, it is not uncommon in the
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Table 1
Problem

Summary of the Cost Function Proposed to Solve the Muscle Redundancy Problem as an Optimization

Physiological rationale

Cost function Specific references

Minimize muscle forces
Minimize muscle activations
Minimize muscle fatigue

Minimize muscle activations
More physiological results

Minimize muscle stresses
Increased endurance

Minimize muscle stresses
Consider each muscle as individual

Joint stability

Minimize joint contact force joint

Track experimentally measured joint contact force

Yo Fi Yo wi - M,

ST ~
[Fep OI-IF . r>u) + ouR(a, 1)

Seireg and Arvikar®

Ly Fif Froax i Pedotti et al32

L (F)? Pedotti et al3?

S (Fi/Fuax, i)? Pedotti et al2
n, F;/PCSA; Crowninshield et al?®

Crowninshield and Brand?’
An et al'!

L, (Fi/PCSA;)?
. F,
Min O'| m <o
L (Fi—Fy)? Forster et al3®

van Veen et al*?

£l van Veen et al*!
[|Fexp ()]l

Note: For a more comprehensive list of cost functions, the reader is referred to the appendix in the study of Tsirakos et al.*> The cost functions are reported in chronological
order. PCSA indicates physiological cross-sectional area of a muscle. References are provided for completeness.

older adults or in subjects who underwent joint arthroplasty to
observe the synchronous activation of both agonist and antagonist
muscles in the attempt to stabilize their joints, which is probably
related to their self-sense of weakness. Any cost function aiming to
favor (metabolic) efficiency discourages cocontractions and cannot
be considered representative of any such situation. Additional
terms may be required, as suggested in the study of Forster et al.>°

Extensive research has been conducted to define more suited
cost functions able to capture abnormal responses or atypical (not
optimal) activation patterns that characterize pathological popula-
tions.3>4% By minimizing or maximizing specific internal bio-
mechanical quantities (eg, joint torques or articular loads), one
can induce (therefore mimic) muscle cocontraction or joint over-
loading and predict contact force profiles that better approximate in
vivo data.*® Nonetheless, discrepancies between predicted muscle
activations and EMG data remain.

The source for this can be found in the way muscle dynamics is
commonly (not properly) implemented. Classical inverse dynamics
(optimization based) approaches fail to model the physiological
behavior of a muscle.#® The MR problem is commonly solved
separately at each timeframe, resulting in a solution that respects
the physiological constraints at the single time frame but is
independent of the previous or following instant. Time history
is not accounted for. Static optimization algorithms may generate
muscle activation patterns exhibiting sudden bursts, which are not
physiologically plausible. A suggested solution to avoid this
unwanted outcome was the Physiological Inverse Approach?®
based on a combination of inverse dynamic analysis—the muscu-
loskeletal kinematics is fixed—and dynamic optimization to esti-
mate muscle forces together with activation and contraction
dynamics. An alternative method where continuity in the solution
was ensured through time integration (over time windows) were
implemented is the Computed Muscle Control,*”#® which com-
bines static optimization to compute muscle activations and time
integration (employing proportional—derivative controllers). How-
ever, there is conflicting evidence regarding this method. Com-
puted Muscle Control predictions were found to overestimate the
muscle and joint contact forces compared to static optimization,*’
casting some doubts on the reliability of this approach. In addition,

ensuring continuity in the solution through time integration—
although computationally expensive>°—was not shown to improve
predictions in gait analysis.”!

EMG-Informed Approaches

In the early 90s, with a series of studies by McGill>? and McGill
and Norman,>3 the use of EMG data to inform or drive the models
became a reality. Abnormal muscle activation patterns (including,
but not limited to, muscle cocontractions) could finally be ac-
counted for, enabling to investigate and study the effect of neuro-
muscular disorder on human biomechanics (eg, causes behind gait
disorders in cerebral palsy,>*>> or poststroke patients>®).

In an EMG-informed model, muscle activations and forces are
predicted through forward dynamics simulations directly from a
limited number of EMG signals recorded in vivo (and properly
elaborated), while the multibody dynamics (joint kinematics and
kinetics) are computed using an inverse paradigm based on experi-
mental data. For the above reason, the EMG-informed method has
also been referred to as forward-inverse approach.’” The EMG signals
can further be used to tune the parameters defining the behavior of the
modeled muscles so that these could reproduce the experimentally
derived linear envelopes (surrogate of muscle activations), while
generating the required joint torques.>®>° This process, conceptualized
by Hatze Herbert,* is referred to as model calibration and influences
the overall predictive accuracy of a model.%!

The relationship between EMG signal and muscle force, which
plays a key role in an EMG-driven model, was initially simplified to
a linear function (ie, muscle force was proportional to the excitation
level) and later refined by Lloyd and Besier,°! who presented a new
model able to describe (1) the second-order filtering with damping
response that links EMG signal to muscle excitation and (2) the
nonlinear (exponential) activation-to-force relationship.°!

Over the years, the methods were further refined (ie, the devel-
opment of an EMG-assisted approach) to enhance the dynamic
consistency of EMG-driven models, thus ensuring more physiologi-
cally plausible estimates.%> The cost function now includes 3 weighted
terms governing the model’s ability (and of the neural solution) to
generate estimates in line with experimental joint moments and EMG
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data. In the last decades, EMG-informed models have been used for
both clinical®*3363-65 and sport-related applications.®°

Although presenting some limitations—primarily connected to
the nature of the EMG signals and to the methods to acquire these, the
EMG-informed approach represented a step forward toward modeling
suboptimal muscle control. While the number of sensors (electrodes)
that can be placed on the subjects is limited (typically between 8 and
16)—especially in children, the number of modeled muscles driven
by EMG data can be expanded. Muscles sharing the same innervation
(same motoneuron) show similar excitation patterns.%” In addition,
synergy-based methods now enable the reconstruction of missing
EMG signals from primitives and weights extracted from normative
data sets combined with those (few) collected on the patient him-
self.%3:%9 For more details on synergy-based methods, the reader is
referred to the review written by Taborri et al.”® Complementary
information may be extracted from signals recorded with an array and/
or matrices of electrodes (instead of bipolar or fine wire electrodes).”!
High-density EMG traces (HD-EMG), processed and decomposed,’!~
73 provide insights on the motor neurons firing (rate) and activity and
may be employed to drive or inform MSK models.”?7+7

Indeed, the development and use of EMG-informed ap-
proaches contributed to shifting the paradigm from searching for
the optimal solution to searching for a more real(istic) solution in
line with experimental data. The solution represents the specific
task performed in a specific environment (typically a lab). The
generalization of other everyday activities or environments is not
straightforward. Intrasubject variability is also not accounted for.
Alternative methods were thus explored.

Neuromotor Control as a Stochastic
Process

Toward the end of the 20th century, scientists started looking at the
MR problem from a different perspective. The multitude of possi-
ble neural solutions (combinations of muscle forces and activations
to produce a specific motion and dynamics) were interpreted as
motor abundancy (with a positive connotation) other than redun-
dancy (negative connotation).”®

Observing how workers used to perform repetitive tasks,
Scholz et al’” and Scholz and Schoner,’® theorized that the CNS
is not constantly selecting an optimal solution (in a reductionist
sense), rather it controls only those muscles and degrees of freedom
that need to be controlled to achieve the set goal.” Motor control
was thus considered a stochastic process aimed at identifying a
“good enough” solution that allows for some variability to provide
stability to sudden changes or perturbations. This is known as the
uncontrolled manifold theory.

At first, an exploration of natural biological variations in
muscle forces (not yet attributable to a stochastic approach) was
introduced through the parametric variation of the relative con-
tributions of individual muscles, which were grouped based on
their physiological function and role.8%8! The activation level of
each actuator within a specific agonistic muscle group could vary
between 0 (minimum) and 1 (maximum), while the activations of
all antagonist muscles were determined a priori. Solutions were
checked to be physiologically feasible with physiological con-
straint equations.®! Such implementation, however, did not account
for any goal variation (change in cost function) in response to
external environmental factors that was observed experimentally.

In 2011, Martelli et al®? suggested expanding the solution space
to an m-by-n hyperspace of possible and physiologically plausible
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muscle force combinations (where m is the number of degrees of
freedom, and n is the number of modeled muscles), delimited by the
combinations resulting in minimal and maximal joint loading. The
solution space was then sampled by randomly perturbing the set of
muscle forces corresponding to an optimal solution (ie, null-space
algorithm). This method was later refined to ensure that all sampled
solutions were within the realm of combinations able to produce the
observed kinematics and dynamics (ie, that respected the dynamic
equilibrium).33 A Bayesian approach was implemented that inter-
preted the vector of the unknown (muscle forces) as a multivariate
random variable characterized by a probability density function. The
solutions were sampled using the Markov Chain Monte Carlo
scheme, which provided a more uniform sampling of the full
spectrum of possible recruitment strategies. This results in a band
of plausible solutions (in contrast to a single solution identified by
more traditional optimization approaches), the width of which is
representative of the intrasubject variability in the movement exe-
cution, further accounting for experimental data uncertainties.

The stochastic approach was first used to explore the proba-
bility of spontaneous hip fractures due to severe osteoporosis and
severely suboptimal muscle control.®* The same has also been used
to explain and quantify the variability in the recruitment strategies
adopted by individuals with osteoarthritis following a total knee
replacement surgery while walking*' and to explore possible
effects of knee joint overloading (eg, due to Parkinson disease)
on implant wear.®> A similar approach was employed where the
initial solution was identified through EMG-assisted simulations3®
as opposed to static optimization. Current implementations of the
stochastic approach suffer from the same limitations of static
optimization approaches in that the solution is solved at each time
frame, independently of the past and the future.

Alternative applications of the uncontrolled manifold theory
have been proposed over the years. With a focus on highly dynamic
tasks, specifically parkour motion (jumping and landing techni-
ques); in 2018, Maldonado et al®’ presented an extension of the
uncontrolled manifold theory based on the task function approach
used in robotics. They showed that the CNS hierarchizes and
controls (sub)tasks to coordinate complex movements.

Explicit Modeling of the Controller—
Actuator Coupling

Providing a systematic review of the current knowledge on the
neurophysiology bases of motor control is beyond the scope of this
review. For the sake of simplicity, we can idealize the current
understanding in 3 separate layers that operate in concert: a reflexes
layer, a CPG layer, and a voluntary control layer.

Reflexes are muscle contractions that occur unconsciously.
Specific sensory organs (eg, the muscle spindle, which senses the
elongation of each skeletal muscle, or the Golgi organs, which
sense the tendons force) produce afferent signals that the moto-
neurons in the spine directly translate into a coordinated pattern of
efferent activation signals to selected muscles, according to some
predetermined schemes.®8

Voluntary movements always involve the CNS. But for
stereotypical movements such as level walking, the involvement
may be limited to initiating the task. Once in motion, a cluster of
motoneurons in the spine is responsible for sustaining it by
generating precodified activation patterns,?® even in the absence
of descending inputs from the higher level centers (ie, supraspinal).
It can be considered a low-level (ie, in spinal cord) controller.?®
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This is the essence of the CPG theory proposed by Grillner in
1975.91

The control of nonstereotypical movements requires continu-
ous control by the CNS. There are many theories on how this works
exactly, but a generalization of some of these theories is that of
predictor—corrector control. Because of the nonnegligible latency
in the transmission of nervous signals, the brain needs to decide not
what to do now but what to do in some hundred milliseconds, when
the muscles will contract in response to the CNS signaling. To do
s0, the brain maintains a predictive model of how the body interacts
with the physical world, which provides an estimate of the best
possible activation pattern to achieve the desired motor target. This
estimate is inaccurate for several reasons. Thus, as the movement
develops, the CNS use all afferent signals to control and update its
prediction and, where necessary, perform some corrections.?8

Modeling such mechanisms is not trivial. In general, this is
achieved by adding feedback and feedforward®>-°4 loops triggered
by external factors such as muscle elongation (over stretch),*>-190
joint angles®’-192 or rate of force development.®>2397-101 While
more complex to implement than traditional approaches, the
inclusion of explicit controller—actuator mechanisms within the
models enables predictive simulations, which are useful for inves-
tigating cause—effect relationships, gait abnormalities, and neuro-
muscular deficits.

In the following, we will review the existing literature, clus-
tering it around these 3 separate control layers.

Central Pattern Generator for Stereotypical
Movements

One of the first controller-based MSK models implementing a CPG
mechanism was introduced in 1991 by Taga et al,'?> who devel-
oped a torque-actuated model whose movements were based on the
phase of the gait cycle through neural oscillators.!%* Later, this
model was improved by adding muscles to actuate joints.'%> Stance
and swing phases were identified by a foot contact mechanism that
accounted for gait speed and other factors. Accordingly, a series of
neural oscillators (one per joint)}—coupled to one another—alter-
natively activated agonist and antagonist muscles. As a result, the
MSK model was able to walk normally, in line with experimental
data from motion capture systems. The model presented an early
and primitive feedback-based behavior based on joint angle, which
could modulate (enhance or suppress) the work/action of adjacent
neural oscillators. In 2001, Ogihara and Yamazaki®® suggested a
model with both a rhythmic pattern from a CPG mechanism and
feedback loops from proprioceptive information. The parameters
characterizing the whole controller—actuator system were tuned to
minimize the energy expenditure (per distance traveled).

The Role of Reflexes: Feedback and
Feedforward Loops

In 2010, Geyer and Herr® introduced a different level of the
physiological controller, an alternative to a CPG controller, to mimic
the role of both the Golgi organs and the muscle spindles; thus, adding
muscle reflexes modulation (similarly to the way spinal reflexes send
sensory information to alpha motoneurons). The walking pattern was
guaranteed by length and force feedback specific for each muscle,
depending on the gait phase. A force-sensor acted as an inhibitor,
while a controller acted in response to muscle fiber (over)stretch and
contraction velocity. Positive and negative feedback were introduced
to ensure stability (of leg and trunk segments) and to prevent joint

overextension during the execution of the task. In the same years,
similar (or slightly more advanced) models stemmed from this work,
for example, that implemented a feedforward control to stabilize
further the gait®? or neural oscillators driven by synergies extracted via
nonnegative matrix factorization methods to control the activation of
muscle actuators.'% Other authors'7-1%8 proposed ways to model the
stretch reflex instead, which is responsible for muscle hyperresistance
and hyperexcitability in children with cerebral palsy (eg, in spastic
muscles), linking the excitations of specific muscles to the velocity
and acceleration at which their fibers were contracting!®” and the
muscle force produced.

Indeed, modeling muscle reflexes, combined with new ap-
proaches typical of optimal control methods, enables to run predictive
simulations combining constraints and model modifications typical of
pathological conditions such as age-related modifications,'®® weak-
ness of specific muscle groups,”®102 to evaluate model transition to
different gait speeds or to different terrain slope simply using the foot
contact information to update the global state and oscillator working
frequency, %3110 or to explore a different combination of performance
criteria to predict healthy gait.!'! A combination of Computed Muscle
Control and biologically inspired feedback controls has also been
suggested to evaluate the effects of surgery on balance recovery in
patients with cerebral palsy.!!? Of note, in 2019, the SCONE software
was released, based on work from Geijtenbeek'!? and Geijtenbeek
et al,''* with the specific aim to enable the generation of reflex-based
models and simulations.!!3 Thanks to SCONE, the high complexity of
this method has been partially overcome.®3-100-111.115

Optimal Control Methods

Considering our actions, the result of a continuous refinement
operated by the CNS to achieve the desired motor goal, the motor
control problem can be seen as an optimal control problem. Hence, it
is suitable to be described and solved using optimal control methods,
commonly employed in other fields of science to model complex
systems' !¢ and resolve highly nonlinear (differential) equations.'!”

Optimal control problems require the definition of an initial
(tentative but plausible) solution, which gets iteratively optimized to
meet predetermined tolerance and convergence criteria. At each
iteration, the last or best-performing solution (in a batch of simula-
tions) serves as a starting point for the subsequent round of optimiza-
tion (ie, a predictor—corrector scheme). In an optimal control problem,
the cost function describes the task to be performed, its complexity
and its purpose through the definition of subgoals. For example,
healthy gait could be seen as a combination of criteria to optimize
metabolic energy rate, muscle fatigue, joint accelerations, passive
torques, and upper body muscle’s excitations.!'® Optimal control
problems can be defined as tracking or predictive problems. In a
predictive simulation, task-specific (sub)goals are optimized indepen-
dently of experimental data, representing—for a tracking simulation
—the overarching objective to follow or to tend to.°

The first examples of optimal control applied to human gait
were proposed by Chow and Jacobson in 1971'!° and, a few years
later in 1976, by Hatze!?® who included the work of individual
muscles in the optimal control problem. Due to the high computa-
tional costs associated with modeling both the motor task(s) and
physiologically consistent muscles, until the late 90s, optimal control
methods were rarely employed to simulate human locomotion. With
the introduction of direct-shooting methods, such as gradient-based
algorithms, simulated annealing and sequential quadratic program-
ming, 1?1122 the computational time was drastically reduced but
remained prohibitive for most applications. In the early 2000s, direct
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Optimization Seireg et al Pedot‘i etal Forst(zr etal
methods Crowninshield et al
EMG-informed McGw etal Lloyd an.d Besier Sarto;i etal Caille’t etal
methods Lloyd and Buchanan
i Scholz and Sché t al Martelli et al

Stochastic cholz an 'C oner et a
approach

ici T: t al Ogih d Y ki Geyer et al Geijtenbeek et al
Explicit aga‘e a gi ara’an ‘amazaki y‘ j s
controller-actuator
Optimal control - Hatge H. Audu'and Davy Kaplan and H. Heegaard Dembia et al
method Chow and Jacobson Todorov and Jordan
Figure2 — Chronological overview of the approaches to model suboptimal muscle control. The list is not exhaustive but contains the works that in the

authors’ view contributed to the advancement of the field. EMG indicates electromyography.

collocation methods disrupted this trend,!!7-118.123 enabling the
solution of large-scale problems with several unknowns. Combina-
tions of various performance criteria have been tested since,!18:124-127
for example, to model pathological gait.'>® Alternative algorithms,
such as the Adams-type predictor—corrector algorithms,'?® have been
proposed to address the problem of muscle control, with limited
following.'3¢

In the last decades, alternative uses of optimal control methods
to solve neuromuscular control problems gained visibility. In 2004,
Scott!3! and Todorov'3? suggested employing optimal control
methods to iteratively correct the gains of feedback controllers,!33
based on an index of performance. Only those variations that are
considered relevant to perform the intended task are thus optimized,
enabling the identification of “the best possible control scheme for a
given task.” This approach, known as optimal feedback control,
allows the exploration of the redundancy accumulated in task-
irrelevant dimensions while correcting deviations that impact the
task (according to the “minimal intervention principle”).!3? Optimal
feedback control is also strictly connected to another optimal control
method: the stochastic optimal control,!33 aimed to introduce into
simulations physiological noise to predict a more realistic control
strategy.!3* More recently, deep reinforcement learning method has
been tested out to solve the optimal control problem. The adoption of
this method was related to synthesizing physiologically based
human motions based either on a kinematic reference motion!33
or without it.'3¢ For more details, authors suggest the review article
written by Song et al'®7 (Figure 2).

Conclusion

This paper reviewed the literature to date on the modeling of
neuromuscular control. The work done so far can be clustered into
3 groups: models based on the classic reductionist approach, which
assumes optimal control; the modeling of neuromuscular control as
a stochastically optimal process, consistently with the uncontrolled
manifold strategy; and a third group of papers that attempt to
explicitly model the voluntary control through reflex chains, CPGs,
or more complex predictor—corrector controllers.

Optimal control plays still an important role in the solution of
many biomechanics problems; however, to be clinically relevant in
several problems, biomechanics models must be able to handle also
suboptimal control.

Assuming a stochastically optimal control can be a very
effective approach to model patients with mild degradation of the
neuromuscular control; however, it is important that the current
approach, where each instance is assumed independent from the
following one, may cause unrealistic predictions and should be
extended to include some smoothness constraints over time.

The explicit modeling of motor control still remains extremely
challenging. Each author focuses on one of the layers (voluntary
control of the reflex chain, CPG for repetitive stereotypical tasks,
and direct control with predictor—corrector). In contrast, it is
probably true that all 3 mechanisms coexist, combined and over-
lapped. Modeling this complexity is one of the grand challenges of
computational biomechanics in the years to come.
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