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Abstract: Control remains a challenge in precision applications in robotics, particularly
when combined with execution in small time intervals. This study employed a two-degree-
of-freedom (2-DoF) planar robotic arm driven by a detailed human musculoskeletal model
for actuation, incorporating nonlinear control techniques to execute a precision task through
simulation. Then, we compared these simulations with real experimental data from healthy
subjects performing the same task. Our results show that the Feedback Linearization Con-
trol (FLC) applied performed satisfactorily within the task execution constraints compared
to a robust nonlinear control technique, i.e., Sliding Mode Control (SMC). On the other
hand, differences can be observed between the behavior of the simulated model and the
real experimental data, where discrepancies in terms of errors were found. The model
errors increased with the amplitude and remained unchanged with any increase in the
task execution frequency. However, in human trials, the errors increased both with the
amplitude and, notably, with a drastic rise in frequency.

Keywords: nonlinear control; neuromusculoskeletal model; star drawing; simulated precision
task

1. Introduction
Robotics have been used to assist humans in a huge variety of fields and tasks, such

as industrial and medical applications [1], as they can reduce the muscular effort when
performing a task [2]. Human–robot interfaces are becoming essential in advanced manu-
facturing, surgical robotics, and rehabilitation devices. Along with artificial intelligence,
mechatronics, and technological advancements, robots provide flexibility for processes;
however, they are still limited in terms of production and demand variation, fine handling,
and manipulation. This limitation impairs their ability to operate effectively alongside
humans in these contexts. Hence, addressing this challenge is crucial for improving the
efficiency, safety, and overall performance of robotic systems across a wide range of appli-
cations [3–6].

Industry and factory workers are supposed to keep good pace and performance at
work while handling heavy tools in improper positions, during a wide range of activities
such as drilling, countersinking, electrical work, welding, grinding, picking, pruning,
painting, inspection and overhead assembly [2,7], exposing them to many injuries risks.
These activities are all examples of tasks that require some level of precision, coordination,
and gross and fine motor skill frequently present in assembly lines.

A growing number of job positions are starting to be learned and performed by robots
and cobots. Even though automation and mechanization are targeted in manufacturing
assembly lines to optimize productivity along with robotics, human work is still needed
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and cannot be replaced or eliminated easily [6,8]. They may contribute with force input
and speed, but, on the other hand, they are not yet able to perform fine handling and
manipulation, and do not allow for the same flexibility and dexterity of human beings [3,4].

In this context, bioinspired solutions [9,10] have been implemented to improve the
efficiency of these robotic systems in terms of reaction, adaptability, flexibility, robustness,
and, above all, a stable and suitably compliant mechanical form regarding the complexity
of such control. One key step toward overcoming this issue is the development of control
models that accurately represent human motion control during these precision tasks [3].

As in several biological systems, the human motor system has excellent performance in
terms of adaptability and robustness, and muscles show very low energy consumption [5].
In complex multi-joint movements, the precise coordination of multiple muscles is required
to ensure smooth and controlled motion [11,12]. Thus, for robotics to be truly effective,
assistive devices and their interfaces must be comfortable and natural to use. In that respect,
a model of human motion control can guide the design of robotic systems that not only
enhance human precision, but also avoid imposing unnatural movement or constraints.
This could enable the robot to move in synchrony synergy with the user [1].

A musculo-skeletal model is a mathematical representation of the human body, includ-
ing bones and muscles. It can be manipulated to estimate kinematics (e.g., joint trajectories)
or dynamics (e.g., joint or muscle forces) under different conditions [13]. When robots
work closely with humans in real time, their movements must be responsive and adap-
tive to ensure safe and effective interaction, accurately representing biomechanical and
neuromuscular control [14]. By providing a better understanding of typical movement
patterns, these models could generate predictive control signals that reduce delays in
human–machine interactions [6]. Furthermore, models allow for the prediction of the be-
havior and analysis of the relative effects of each variable, distinguishing between expected
and unexpected changes in motion, allowing robots to intervene when undesirable changes
occur, potentially preventing errors or compensating for user fatigue [15].

Since several activities of daily living comprise multi-joint movements, such coordi-
nation between muscles is crucial for us to be functional and properly interact with the
surrounding environment. The studies on biomechanics properties of the neuromuscular
system in motor control are usually carried out applying mechanical perturbations to the
limb during natural movements and observing the corrective responses [16]. Accurate
human motion models could expedite the design and prototyping of biomimetic robotic
systems by simulating expected human movement in various scenarios without requiring
and relying on time-consuming experimental data. This could facilitate the development
process and allow for more rapid testing and system refinement [17]. Some models of
human biological systems that are frequently used in the study of human motor behavior
are based on muscular physiology [18] and others are based on the neuromusculoskeletal
mechanisms, which include the Golgi tendon organ (GTO) and muscle spindles [19].

However, current research often focuses on relatively simple tasks to test these models,
such as single-joint or low-precision movements, which limits the applicability of these
models in designing robotic systems intended for close human collaboration [20,21]. Thus,
there is a need for models that capture and reproduce the control mechanisms of human
motion during complex precision tasks.

Upon the establishment of the neuromusculoskeletal model [19] to be applied, two
nonlinear control techniques were selected for implementation. From the framework of
classical nonlinear control theories [22], a robust control strategy, specifically Sliding Mode
Control (SMC), and a non-robust control method, namely Feedback Linearization Control
(FLC), were prioritized for evaluation and subsequent performance analysis.
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The three nonlinear control techniques most frequently applied in the literature are
FLC, SMC, and MRAC (Model Reference Adaptive Controller). In this work, FLC was
chosen since the model is fully known and it demonstrates compatible for this type of appli-
cation, apart from its easiness of implementation. In addition, SMC was also implemented
due to the fact that it is a robust control system; therefore, it can deal with unpredictable
scenarios, such as when the mass parameters or any other nonlinearities present in the
human body are not well known, thus it is not needed to be adaptive (MRAC). SMC can
be compared with FLC (a technique of a different nature) to provide evidence of the best
performance of the chosen high precision task.

In this work, we aimed to address this need by investigating the effectiveness of
neuromusculoskeletal control models in capturing human arm motion during a multi-joint,
high-precision task. Specifically, we focused on the task of drawing a star, which has been
previously used in the literature as a representative precision activity for evaluating fine
motor skills and control accuracy. Given the nonlinear nature of joint motions, we first
explored two nonlinear control techniques—FLC and SMC—to determine which provides
superior trajectory tracking for the star-drawing task. Subsequently, we compared these
simulation results from both control models with experimental data from healthy subjects
performing the same task [23].

We compared the tracking position error and transient time of two controllers, FLC
and SMC. While both controllers had good tracking position performance, the FLC showed
better transient performance. This model, along with the controller can be employed
in the design of industrial and medical manipulators, such as artificial upper limbs, to
predict the performance of an individual and it also brings efficiency to studies sparing
time-consuming experiments in data collection. Such optimization may have a huge
impact on the widespread acceptance of exoskeletons and other human-assistive devices by
improving human–machine interface and interaction and by enhancing productivity and
performance in industrial tasks. Finally, this work also contributes to a variety of future
multidisciplinary studies involving biomechatronics, neuroscience, artificial intelligence,
computer science, ergonomics, and rehabilitation altogether engaged in a long-lasting effort
into human-inspired robotics [9].

2. Materials and Methods
2.1. Neuromusculoskeletal Model

To simulate human motion during precision tasks, we used the FLC and SMC control
techniques to drive a neuromusculoskeletal model of the human arm. This neuromuscu-
loskeletal model served as a biomechanical and physiological framework that the control
models manipulated to replicate human joint motion.

Our neuromusculoskeletal model was based on [19], designed to investigate the roles
of spinal proprioceptive feedback in movement control. This model was selected for its
comprehensive representation of muscle activation and control mechanisms, providing a
detailed parameter set that enhances the fidelity of our simulations.

The model encompasses muscle activation and control processes, including the elbow
joint and a pair of antagonist muscles. It incorporates velocity and length feedback from
muscle spindles, spinal stretch reflexes, reciprocal inhibition, and recurrent inhibition via
Renshaw cells. Descending neural commands modulate the background activation of
α-motoneuron pools in conjunction with these reflex activities, while static γ commands
control spindle contraction [19].

To depict human arm movements involving both the shoulder and elbow joints, we
adapted the original model which works with only a single joint to a two-joint configu-
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ration, as seen in Figure 1, utilizing a two-degree-of-freedom (2-DoF) planar robotic arm
representation, replicating the same joint activation in our model for both joints.
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2.2. Control Techniques

We implemented two nonlinear control strategies to assess their effectiveness in
trajectory tracking for the star-drawing task: Feedback Linearization Control (FLC) and
Sliding Mode Control (SMC). These well-established control methods were selected based
on their theoretical foundations in classical nonlinear control and their distinct operational
characteristics.

Feedback Linearization Control was chosen because it effectively linearizes nonlinear
system dynamics when the system model is fully known, which was the case in our
simulations, and due to its relative simplicity and ease of implementation.

Sliding Mode Control was selected for its robustness to system uncertainties. This
property is particularly valuable when dealing with the inherent nonlinearity and parameter
variations in human biomechanics. SMC does not require adaptive mechanisms to handle
such uncertainties, making it an appropriate choice for scenarios where system parameters
may not be precisely known.

2.3. Simulation Procedure

Simulations were used to control the 2-DoF planar robotic arm (described by the
Neuromusculoskeletal Model section) during a star-drawing task. In this task, explained
in detail in section II-D, the robotic arm’s endpoint traces the lines of a star-shaped figure
(see Figure 3d). The goal is to guide the arm along the lines of this star, reaching specific
Cartesian coordinates that define its shape.

To achieve this, inverse kinematics is used to transform the Cartesian coordinates
of the star into corresponding joint angles for the robotic arm. The inverse kinematics
block receives a neuro-activation function over time, as modeled by [19]. Based on the
planned trajectory path, it calculates the desired positions for each joint, θ1 and θ2, over
time, following the methodology presented in [24]. These positions are then provided as
set-points for the control system. Then, the selected control algorithms (FLC and SMC) are
applied to ensure the arm accurately follows the desired joint trajectories.

Upon completing the simulated task, forward kinematics is used to convert the joint
angles θ1 and θ2 back to Cartesian coordinates (x1, y1 and x2, y2). This step is based on
a relatively simple algebraic conversion due to the geometry of the problem [24] and is
useful for visualization of the drawn star and facilitates a direct comparison between the
intended trajectory and the one executed by the robotic arm under each control strategy.
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To perform the star, the arm is initially fully extended and starts the required trajectory
from position (2, 0), with the base positioned at point (0, 0), as seen in Figure 3d. The center
of the star is located at (0.8, 0.8), and each straight-line segment forming the star measures
exactly 70 mm. For this initial proof of concept, the dimensions of the arm segments, the
size of the star, and the starting point were proportionally scaled but chosen arbitrarily.

2.4. Task Description

To assess joint control in multi-joint, high-precision tasks, we analyzed the movement
involved in repeatedly drawing a star in the horizontal plane. In this task, the goal is to
trace the lines of a given target star as accurately as possible while following specified
amplitudes and frequencies of motion. This requires precise and coordinated control over
multiple joints, making it appropriate for our study. While the human arm has more than
two degrees of freedom, the primary movements in this task occur within the horizontal
plane and involve only the shoulder and elbow joints. Consequently, this motion can
be simplified and modelled as a 2-DoF system, focusing on these two joints, as in the
neuromusculoskeletal model used in this article.

We analyzed both simulated data and real experimental data. These experimental
data were sourced from the dataset used in [23], and our simulations were designed to
replicate the experimental protocol of this dataset.

In the experimental setup [23], six subjects performed a series of movements to sketch
a star-like figure composed of four intersecting lines with different orientations, forming
an eight-pointed star in the horizontal plane, as can be seen in Figure 3d. Participants
were seated in a stabilized position allowing only shoulder and elbow movements. They
were instructed to trace the lines of the star with the tip of a low-friction stylus on a desk
positioned in front of them.

For each of the four orientations—anteroposterior (AP), outer-diagonal (OD), medi-
olateral (ML), and inner-diagonal (ID) (Figure 1)—participants traced the corresponding
line five times. Each repetition consisted of forward and backward movements that began
and ended at the center of the star. After completing five repetitions for a given orienta-
tion, participants proceeded to the next orientation in a clockwise order for right-handed
individuals or counterclockwise for left-handed individuals. Upon completing all four
orientations, participants repeated the process once more in the same order. Completing
each orientation twice constituted a single trial. Trials were conducted continuously with-
out interruptions between orientations or repetitions. Participants were instructed to trace
the lines as precisely as possible, synchronizing the beginning of each repetition with a
metronome beat.

The dataset included multiple trials executed by volunteers using two different motion
amplitudes (8 cm and 16 cm, measured between two opposite extremities of the star) and
two repetition frequencies (1.33 Hz and 2.00 Hz, guided by a metronome). Each complete
trial lasted around 31 or 21 s, depending on the frequency used. For each amplitude-
frequency combination, four separate trials were conducted, resulting in a total of 16 trials
per individual (2 amplitudes × 2 frequencies × 4 trials).

These four conditions—combinations of amplitude and frequency—allow for an
analysis of the effects of movement amplitude and frequency on motor control and precision.
Accordingly, we conducted our simulations under these same four conditions to enable a
direct comparison between the experimental data and the simulated results.
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2.5. Joint Control

For a joint j and time t, its dynamic properties are modelled as follows:

Ij
d2θ

dt2 + Bj
dθ

dt
= Tj (1)

Being,
Bj = 0.03σ (2)

where Ij is the moment of inertia, Bj is the coefficient of viscosity, Tj is the resultant torque
and θ is the joint angle. To calculate the coefficient of viscosity, the joint stiffness (σ) is
necessary and is calculated as presented in [19], as well as all the dynamic parameters used.

The first control technique applied on the joint system was Feedback Linearization
Control. In this case, being u the control input of the system, u is given as follow [22]:

u =
1
b
[ v − f ] (3)

where v can be any linear control technique, b and f are auxiliary equations to linearize the
system. In this work, v is a Proportional-Derivative (PD) controller applied combined with
pole allocation to obtain the gain values K1 and K2, as in:

v =
..
θd − K1

.
∼
θ − K2

∼
θ (4)

∼
θ = θ − θd (5)

The adequate values to K1 and K2 were identified experimentally according to the
desired task.

In another way (1) can be rewritten as

..
θ = I−1

j

(
Tj − Bj

.
θ
)

(6)

Being identified f and b as auxiliary equations:

f
( .

θ
)
= I−1

j

(
−Bj

.
θ
)

(7)

b = I−1
j (8)

Thus, the input torque was defined as

u = Tj = Ij

[
v + Bj

.
θ
(

I−1
j

)]
(9)

And, the resulting linearized system is

..
θ = v (10)

The Sliding Mode Control technique was also applied to the nonlinear joint system.
Being the so-called robust control, the sliding mode is recommended when the model
parameters are uncertain. Let (5) be the tracking error in the variable θ.

For the robust sliding mode, a time-varying sliding surface s(θ,t) = 0 is defined as the
expression [22]

s(θ, t) =
(

d
dt

+ λ

)n−1 ∼
θ = 0 (11)
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where λ is a parameter to be tuned strictly positive constant and n refers to the system
order. In the case n = 2. Hence, we have

s =
.
∼
θ + λ

∼
θ (12)

s(θ, t) =
(

d
dt

+ λ

)∼
θ =

( .
θ −

.
θd

)
+ λ (θ − θd) (13)

Being
.
s calculated as follows:

.
s =

( ..
θ −

..
θd

)
+ λ

( .
θ −

.
θd

)
= f

(
θ,

.
θ
)
+ b(θ)U −

..
θd + λ

( .
θ −

.
θd

)
(14)

As
.
s = 0 and f has the same parameters used in the Feedback Linearization Control,

then
û =

1
b̂

[
− f̂ +

..
θd − λ

( .
θ −

.
θd

)]
(15)

Hence, û depends on f̂ and b̂,which are estimates of (5) and (6). Thus, û is the best
estimate of the equivalent control and the final controller is given by

u = û − K sgn(s) (16)

where sgn is the sign function which adds robustness against disturbances, being
sgn(s) = +1 if s > 0 or sgn(s) = −1 if s < 0 and K is a positive constant that must
be chosen to be large enough, defined as:

K ≥ F − η (17)

In this sense, η is a tuned value influenced directly by tr, that is how long the trajectory
takes to reach the sliding surface s and F is the maximum error given by the modeling,
considered uncertainty parameters, defined as

η =
s(0)

tr
(18)

F = f − f̂ (19)

3. Results
The initial simulations sought to assess the performance of the two proposed con-

trollers. The first aspect analyzed for the given precision task was the controller’s ability
to reach some arbitrary prescribed angles. Another fundamental factor for the task was
the transient time, that is, the time it takes for the controller to completely reach a desired
point. Since the frequencies for performing the task developed by [23] were varied, a high
transient time means more time for the system to reach the desired points and, consequently,
for changes in direction [22].

Figure 2 presents a comparison between both controllers reaching a set-point of π/3
rad/s, which was arbitrarily defined. Specifically, Figure 2a depicts the performance of
the Sliding Mode Control (SMC) controller, while Figure 2b illustrates the performance
of the Feedback Linearization Control (FLC) controller. Additionally, the behavior of the
controllers is shown in Figure 2c for SMC and Figure 2d for FLC.
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The following tests were carried out in order to provide the star drawing task. The
system controlled by SMC was also tested. However, in the initial test, it did not perform as
expected for the task. As shown in Figure 2a, the system approached the desired position
closely after t = 5 s but only fully reached the target position after t = 8.65 s. Due to this
limitation, further analyses were discontinued.

Figure 3 shows the FLC initial results carrying out the task according to the desired
inputs. With the positions provided by inverse kinematics, Figure 3a shows the tracking
response for each joint angle required to draw the star, as presented in Figure 3d. Figure 3b
represents the Cartesian positions obtained through forward kinematics for each joint,
which are necessary and allow to plot the star’s trajectory, and Figure 3c illustrates the
controller’s behavior for each joint throughout the system’s operation. Finally, Figure 3d
shows the completed task and final star representation.

In order to validate the bioinspired task with the controller, a comparison was carried
out between the results obtained by the FLC technique and the real data results obtained
by the experiment in [23]. For comparison purposes, the trajectories made by the subjects
who participated in the experiment were combined into an average, where Figure 4a shows
the star drawing task with an amplitude of 8 cm and frequency of 1.33 Hz.

In comparison, Figure 4b presents the task from the model controlled with the same
configuration of Figure 4a. Complementary to this, Figure 4c–f shows the tracking position
of the task with a frequency and amplitude of 1.33 Hz/8 cm, 1.33 Hz/16 cm, 2.00 Hz/8 cm
and 2.00 Hz/16 cm, respectively.

Figure 5 presents the results of the task, utilizing the same amplitudes and frequencies
employed in the experiment conducted by [19]. Figure 5a illustrates the resulting star with
an amplitude of 8 cm and a frequency of 1.33 Hz, while Figure 5b shows a star drawn with
the same amplitude of 8 cm but at a frequency of 2.00 Hz. Additionally, Figure 5c,d displays
stars with an amplitude of 16 cm at the frequencies of 1.33 Hz and 2.00 Hz, respectively.
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Consequently, Figure 6 presents the corresponding trajectory errors for each tested
star, based on its amplitude and frequency. Figure 6a shows the trajectory error for the
star generated with an amplitude of 8 cm and a frequency of 1.33 Hz, while Figure 6b
presents the error for the same amplitude but at a frequency of 2.00 Hz. In contrast,
Figures 6c and 6d illustrate the trajectory errors for stars with an increased amplitude of 16
cm, corresponding to the frequencies of 1.33 Hz and 2.00 Hz, respectively.
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4. Discussion
In this work, a simulated control of the human arm was proposed. Firstly, the neuro-

musculoskeletal model presented in [19] was simulated. This model allowed the muscle
system to act as the human body actuator in a 2-DoF planar robotic manipulator configu-
ration. In the end of the proposed task, the controlled system should draw a star and the
results were compared with the study carried out by [23] with humans.

The model classified by [19,25] as spinal neuromusculoskeletal is composed of a
complete model of muscle activation considering the neural signals, also known as the
muscle spindle. The spindle is a sensory organ found in most vertebrates and it plays a
crucial role both in kinesthesia and in reflexive adjustments to perturbations. Moreover,
it is the main source of proprioceptive feedback for spinal sensorimotor regulation and
servocontrol [26].

Patients without proprioceptive stimulation from their limbs have difficulties perform-
ing multi-joint movements. For example, in hand gestures that require sharp direction
reversals of the hand path, these patients present large deviations on the hand path, due to
failure to coordinate the timing of the distinct reversals in the shoulder joints and elbow [27].
Therefore, the importance of the spindle in muscle control, thus movement control, and
path corrections is evident, which makes it essential to be considered in the muscle model,
as previously shown in other works [19,25], and since the task applied in this work is
considered a precision task where the feedback and path corrections are crucial.

The Feedback Linearization Control (FLC) performed very well but was unable to
provide tracking performance that reached all angles along the task trajectory (Figure 3a,d).
The controller can accurately reach the desired points, but an error can always be observed
when there is a change in direction along the trajectory. Human motion in the experimental
data [23] also presents deviation during star-drawing trajectory execution. Due to the
kinematics of the robotic arm applied within the model, such trajectory deviation was
not a result of mechanical singularities, it must be on the account of our model being
human-based. Singularity, in this case (2-DoF planar robot), would be only if the robotic
arm was fully flexed or extended, which was not the case. And, since the system was mod-
eled considering fully known parameters, i.e., dynamic uncertainties were not taken into
consideration, the application of disturbances would lead to a decrease in the performance
of the system controlled by the FLC.

The Sliding Mode Control (SMC) presented satisfactory tracking behavior, showing
capacity to achieve desired angles and expected stability, but it presented a very long
transient state, which was due to the input parameters. When they were changed, in
order to decrease the transient time, the consequence was an overshooting, which is even
worse regarding task accuracy, as the deviation was larger and more frequent. However,
unlike the FLC system, when disturbances were introduced into the system in this case,
the controller’s performance remained unaffected, as it was designed considering dynamic
uncertainties.

The artificial controllers were compared according to two criteria, tracking position
error and transient time. In the tracking position, both controllers showed good results.
But in the transient state that was adopted as another criterion, a better performance of
Feedback Linearization Control was observed.

The results presented by the FLC combined with the experiment set up from [23]
showed that increasing the task amplitude also increased the error (Figures 5a and 6a
versus Figures 5c and 6c, Figures 5b and 6b versus Figures 5d and 6d), but when the fre-
quency was increased, the error did not change (Figures 5a and 6a versus Figures 5b and 6b,
Figures 5c and 6c versus Figures 5d and 6d). This behavior differed from the same test with
humans, where when the amplitude increased, the error increased as well, but when the



Biomimetics 2025, 10, 138 12 of 15

frequency increased, the error increased even more (Figure 6 versus Figure 2 in [23]). This
result was expected, since humans are unconsciously subject to several biological factors
that influence feedback information necessary to correct these errors.

Once we know how and which control performs better in a model, comparing it with
human real data, we can start applying this control to design bioinspired industrial manip-
ulators, artificial upper limbs, to predict the expected performance of an individual without
physiological interferences and without the need for time-consuming experimental data.

Several studies have investigated such collaborative human–robot interactions [28–31].
There are other types of precision tasks that simulate industrial work and rehabilitation
exercises, for example, timing coincident [32,33] and drilling [8,34]. The star drawing task
assesses precision on both the vertical and horizontal plane, timing coincident however,
just on the horizontal plane. An advantage is that besides vertical and horizontal traces,
the start drawing also includes diagonal traces in four directions, northeast to southwest,
and northwest to southeast; that is why this task is also called “compass drawing” since it
covers the total of four range traces (north to south, east to west and both diagonals).

Between the applied controls, FLC parameters are changeable, which allows person-
alization by replacing them in the code. In this way, we can predict the best performance
of the arm from different subjects and compare it with real data. Afterward, it would be
possible to study and investigate trajectory deviations caused by other robotic devices such
as industrial and medical exoskeletons or obtain a reference to be achieved by the patient
in rehabilitation protocols.

While our work opens a path to simulate how an individual would perform this
precision task in optimal circumstances without any interference, physiological or due
to the exoskeleton use, future work shall include testing exoskeletons while performing
the same task, aiming to analyze where and what disturbances are caused by the use of
these devices. Furthermore, it would be possible also to analyze other human condition
interferences such as sleep deprivation, line assembly at a fast pace, fatigue effects, besides
workspace and its environment, different exoskeleton models, and inappropriate posture.

Our work comes to analyze how well a model can perform a precision task through
the simulation and control technique. If robots could have similar dexterity of humans via
control, their spread can go further than augmenting force and mainly speed in industrial
tasks. This ability to perform precision work in even shorter time would be another
advantage, especially in terms of productivity. Additionally, we are to benefit from this
introduced skill to improve our interaction with them, optimizing processes.

Our contribution would be toward knowing the best human performance for the star
drawing task. In this way, we can predict the best arm performance of different subjects
without having to perform tests and experiments on this task. Moreover, we will be able to
recognize trajectory deviations caused by robotic assistive devices such as exoskeletons
and provide a reference for exercise goals for patients in rehabilitation protocols. Not
only can this control be employed in the design of industrial and medical manipulators,
such as artificial upper limbs, to predict the expected performance of an individual free
from physiological or external interferences, but it also brings efficiency to studies, sparing
time-consuming experiments in data collection.

Such optimization may have a huge impact on the widespread acceptance of exoskele-
tons and other human-assistive devices by improving the human–machine interface and
interaction, and by enhancing productivity and performance in industrial tasks.

What the industry and rehabilitation have in common is the fact that in both areas,
exoskeletons, as a personal assistance device, can be used in a wide range of contexts,
industry types and medical protocols, several tasks and exercises, apart from benefiting a
variety of working population and patients [35]. Control, fluid mobility, and consequent
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better functionalities that are still an issue for their development can be delivered through
improved and more robust control strategies [36]. This is exactly what we are looking for
in the present work.

5. Conclusions
In this study, first, we present an upper limb control analysis, considering only the

elbow and shoulder joints on the horizontal plane, followed by requirements for this con-
trol. After the bioinspired mechanical model to be controlled is explained, we tested two
nonlinear control techniques in the model, and we applied only the one that performed
better (FLC) to control the proposed arm in the star drawing task. We compared them
with real data, and an unexpected behavior was seen in terms of errors. The model errors
increased with the amplitude and remained unchanged with any increase in the task execu-
tion frequency. However, in human trials, the errors increased both with the amplitude
and, notably, with a drastic rise in frequency. Therefore, it is possible to establish a founda-
tion for the development of future robotic devices, whether for industrial applications or
rehabilitation, which, despite being based on biomimetic concepts, demonstrate superior
performance in precision tasks under constrained conditions tested with human subjects.
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