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One of the traditional questions in the biomechanics field is 
identifying human motor control laws. The human motor control 
system consists of complex biological neural networks and muscles. 
Yet, it is phenomenal to observe how our motor control can achieve 
efficient, stable, and robust motion control [1-4]. These intriguing 
observational results indicate that our central nervous system 
(CNS) manages to control multiple muscles, which have extremely 
non-linear dynamics, to drive a multiple linkage structure of 
the skeletal system to meet biomechanical requirements using 
limited computational power of CNS and imperfect neural 
feedback with time delay of peripheral information [5]. Therefore, 
understanding the principles in human motor control is valuable 
for not only scientific means but also poses a critical question for 
implementing affective assistive devices, such as neural prosthesis 
and exoskeletons, as well as robust autonomous robotics [6,7]. 
Although various attempts have been made to identify the human 
motor control law over the past several decades, human motor 
control is still far from being fully understood. Determining the 
level of muscle activity for a desired locomotion, also known as load 
sharing problem (LSP), requires inverse calculation of each muscle 
activity from given target joint torques or kinematics. Because the 
nature of the LSP’s redundancy due to having greater number of 
muscles than that of the joints of interest, the analytical solution for 
the LSP is believed to be unattainable.

Inverse Muscle Activity Estimation Based on Optimality 
Principle Assumptions

The standard methodology to deal with the LSP is by assuming 
the optimality principles in human motor control laws. Each muscle 
activity is estimated to meet biomechanical requirements such as 
joint torques and kinematics while optimizing the corresponding 
cost function for assumed optimality principles. Traditionally, 
minimization of the total sum of muscle activity [8], muscle  

 
endurance [9], or metabolic cost [10] have been used for the 
optimization scheme. The estimated muscle activity based on the 
use of optimality principles has provided comparable results to that 
obtained by electromyography (EMG) of standard movements such 
as walking, running, and sit-to-stand.

Dynamic Simulation Based on Virtual Limb Model
The excitation of skeletal muscle to neural signals can be 

described in first order linear or bi-linear dynamics. To employ 
these excitation dynamics to an inverse muscle activity estimation, 
the dynamic simulation methodologies have been proposed [11-13]. 
The dynamic simulation starts by forward-dynamics simulation of 
the excitation dynamics and musculoskeletal dynamics. Thereafter, 
the estimated muscle activity is corrected so that tracking errors 
between computed joint torques and kinematics by simulated 
muscle activity and the measured values converge to zeros based 
on the optimal control theory. The optimality principle in motor 
control strategy are utilized and, thereby, a cost function is used to 
determine how each muscle activity is needed to be corrected from 
joint torque and kinematics tracking errors. Therefore, the dynamic 
simulation method estimates the muscle activity based on the 
optimality principles while considering the excitation dynamics. 
Recently, the dynamic simulation approaches have been widely 
used for biomechanics studies, evaluation of rehabilitation, and as 
a simulator for assistive devices.

Are We Solving the Redundancy of Human Motor Control 
Properly?

Despite the utilization of the optimality principles in human 
motor control has been generally accepted by the field, it is worth 
emphasizing that the demonstration of the neurophysiological 
terms of the optimality principles are extremely challenging. 
Conceptually, solving the LSP based on the optimality principle 
assumption in human motor control is finding an optimal solution 
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for the assumed cost function. If the cost function cannot be 
justified from neurophysiological aspects, the estimated muscle 
activity is simply one of infinite possible solutions, therefore, their 
estimation capacity and generality should be questioned. One 
potential rationale of the field to settle down with these optimality 
principles-based approaches is because of the analytical solution 
for the LSP is believed to be unattainable due to its redundancy. 
However, we may want to step back and defer this conclusion.

State Estimation in Control Theory: Observability

In the field of control theory, surprisingly, the implementation 
of analytical inverse estimation of the system states from the 
system outputs in which the output number is fewer than that of 
the system states is not new. Although the redundancy between the 
system states and outputs exists at a given time frame, the analytical 
solution for the states can be driven based on the system dynamics; 
the redundancy no longer exists when the scope is extended to 
the derivatives of states, outputs, and their relationships based on 
known system dynamics. This estimation principle, also known 
as system observability, has been first introduced more than 
six decades ago [14] and has been successfully implemented in 
several industrial and robotic applications. Furthermore, the 
advanced state estimation methodologies have been developed 
for the cases of imperfect system modeling, non-negligible noise, 
and unknown inputs [15-17]. This implies that if the muscle 
activity is considered as system states and the joint torque or 
kinematics is treated as system outputs, the analytical solution can 
be driven exclusively based on the neuromuscular dynamics while 
accounting for the unmodeled neural dynamics as system noise. 
Previous work [18] has shown that the analytical solution can be 
provided for LSP based on the neuromuscular system observability. 
To have neurophysiologically unconstrained estimation results of 
muscle activity, the inverse estimation methodology based on the 
pure system dynamics needs to be developed rather than simply 
assuming a cost function to solve LSP.

Is There Redundancy in Human Motor Control? 

System observability argues that the analytical solution exists 
for LSP exclusively based on the system dynamics for given joint 
kinematics and torques. One may feel that this is controversial, 
since our human motor control has extensive degree of freedom 
(DoF), thereby redundancy exists. The point should be made that 
the variance in human motor control is observed in a task space, 
which is described by dimensions including joint kinematics, 
torque, and impedance, for a given task such as reaching a limb to 
target points, and walking. Because the DoF of human motor control 
exceeds that of the task space, the various choices in biomechanical 
profiles can be made while achieving the same task. This indeed 
is the redundancy of human motor control, and universal control 
variables and dimensions that we utilize for motor control have 
not fully been demonstrated [19-23]. However, this does not 
necessarily indicate that no analytical solution of muscle activity 
can be identified from a given specific profile. In other words, the 
muscle activity estimation, based on the observability, provides 

the analytical solution exclusively based on known neuromuscular 
system dynamics for given joint kinematics and torques, but 
does not attempt to explain why those specific profiles have been 
produced for given tasks among infinite possibilities [18].

Conclusion

Load sharing problem (LSP) of the neuromuscular system has 
been widely discussed for serval decades. However, the development 
of estimation theory for solving LSP has been held based on the idea 
that the analytical solution of LSP is unattainable. Meanwhile, we 
may want to defer this conclusion and explore advanced estimation 
methodologies such as observability theory to provide a universal 
solution for LSP, providing better tools for understanding human 
motor control while considering imperfections of neuromuscular 
modeling as well as noise in measurements.
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