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ABSTRACT

Safe human–robot interaction requires actuators that combine compliance with
accurate force inference. Series elastic actuators (SEAs) are particularly suitable
for this purpose; however, separating payload-induced torques from voluntary
human interaction forces without dedicated sensors remains a critical challenge.
This paper proposes a unified observer-based control framework for SEAs that
integrates three key components: a linear parameter-varying extended state ob-
server (LPV-ESO), an online algebraic payload estimator, and a disturbance-
driven motion intention identification (MII) mechanism. The payload estimator
continuously updates the observer gains to adapt to load variations, while the
LPV-ESO decouples payload dynamics from human interaction forces. The dis-
turbance estimate is then processed through the MII block to infer operator intent
in real time without additional sensing hardware. Numerical simulations under
nominal conditions and ±10% parametric uncertainty confirm bounded trajec-
tory tracking error, rapid convergence of payload estimation, and effective sepa-
ration of payload-induced torques from voluntary interaction forces. The results
demonstrate that the proposed framework achieves sensorless force decompo-
sition and reliable motion intention inference, offering a practical solution for
SEA-based collaborative robots in rehabilitation, assistance, and industrial ap-
plications.
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1. INTRODUCTION
The classical perspective of automation assigns robots to repetitive and hazardous tasks in structured

industrial environments [1], [2]. However, the proliferation of robotic systems outside traditional manufactur-
ing tasks has redefined the role of robots as collaborative agents operating in proximity to human workers [3].
In this context, human-robot interaction (HRI) systems are required to satisfy simultaneous demands for safety,
adaptability, and performance [4].

HRI systems have been applied in rehabilitation and physical assistance, surgery [5], agriculture [6],
customer service [7], and collaborative manufacturing [8]. Regardless of the application domain, three common
requirements are identified in the literature: safety during physical contact, robustness to parametric uncertainty,
and reliable detection of human motion intention.
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Detection of human motion is commonly achieved by remote sensing such as laser rangefinders, in-
frared detectors, and depth cameras combined with tracking and gesture recognition algorithms [4]. An alter-
native is the use of contact sensors at the joints or end effectors, which provide direct measurements of applied
forces and trajectory disturbances [9]. Machine learning methods applied to inertial measurement unit (IMU)
and electromyography signals have demonstrated real-time motion intention detection performance suitable
for exoskeleton control [10]. However, these sensor-based approaches introduce additional hardware, increase
system cost and complexity, and require subject-specific calibration procedures.

Motion intention identification (MII) addresses the problem of detecting the desired movement of
the operator [11]. Electromyography has been widely used for this purpose, but signal processing instability
and long detection latency limit its applicability in robotic manipulators [12]. Reduced joint stiffness has
been proposed as an alternative, although this approach requires displacement sensors and increases structural
complexity. Admittance-based controllers and motor current feedback have also been explored for MII in
collaborative manipulation [13]. These methods share a common limitation: they require additional sensors
or impose restrictive assumptions on operating conditions, making sensorless MII under payload variation an
open problem.

Series elastic actuators (SEA) offer inherent compliance, shock absorption, and indirect torque sensing
from spring deflection without dedicated force sensors [14], [15], which has motivated their use in industrial
manipulators, wearable orthoses, and rehabilitation devices [16]. Recent developments have addressed both
their design and control: on the mechanical side, variable-stiffness mechanisms and tensile-spring array con-
figurations have been proposed to improve compliance range and energy storage [17]; on the control side, active
disturbance rejection control (ADRC) with an extended state observer (ESO) has been applied to SEA force
and position regulation [18], with extensions to fractional-order formulations [19], ultra-local model structures,
and dual-ESO schemes for flexible-joint robots [20]. Parameter identification frameworks for SEA have also
been reported [21]. However, the integration of online payload estimation within the observer design, which is
required to maintain prescribed control performance under disturbances, has not been addressed in the context
of SEA-based HRI.

A further challenge is the online estimation of the payload mass when load variations occur during
operation and additional sensors are to be avoided. Algebraic identification methods can compute parameter
estimates in real time from joint angle measurements with convergence times suitable for adaptive control [22].
Disturbance observer and Kalman filter schemes with nonlinear friction compensation have also been applied
to sensorless payload estimation in collaborative robots [23]. Despite these contributions, a unified framework
that simultaneously identifies the payload online, adjusts observer parameters based on the estimated load, and
distinguishes payload-induced disturbances from voluntary motion intention forces has not been reported.

This paper proposes a unified sensorless control and MII framework for SEAs robots subject to online
payload variations. The main contributions are the integration of an online algebraic payload estimator into the
observer design enabling continuous gain adaptation without force or torque sensors, a Luenberger ESO with
payload-dependent gains capable of decoupling payload-induced dynamics from voluntary human interaction
forces, and a sensorless MII approach based on the disturbance-filtered integration of the observer output to
map the estimated interaction force into a desired joint trajectory.

The remainder of this paper is organized as: section 2 presents the dynamic model. Section 3 describes
the proposed control scheme. Section 4 presents the simulation results, and conclusions are given in section 5.

2. SEA-DRIVEN PENDULUM
The SEA-driven pendulum includes a servo actuator connected to a rigid beam of mass m and length l

through a rotational spring with stiffness k, and a payload mass ml at the beam tip (Figure 1). The generalized
coordinates are the actuator angle θ and the beam angle q, measured from vertical equilibrium.

Applying the Euler-Lagrange equations with viscous damping and a lumped disturbance ξ (encom-
passing Coulomb friction and human interaction forces) yields the equations of motion:

Iaθ̈ +

(
Dθ +

k2m
R

)
θ̇ + k(θ − q) =

kmkh
R

U (1)

(Jb +mll
2)q̈ +Dq q̇ + k(q − θ) + (mglc +mlgl) cos(q) = ξ (2)

TELKOMNIKA Telecommun Comput El Control, Vol. 24, No. 4, August 2026: 1409–1417



TELKOMNIKA Telecommun Comput El Control ❒ 1411

where Jb = Ib+ml2c is the payload-independent beam inertia, Ia is the actuator inertia, Dθ and Dq are viscous
damping coefficients, lc is the distance from the pivot to the beam centre of mass, and the back-electromotive
force (EMF) term k2m/R has been absorbed into the actuator damping. The driving torque is kmkhU/R,
where km, kh, and R are the motor constant, power-circuit gain, and armature resistance, respectively. In (1)
and (2) form a cascade structure coupled through the spring torque k(θ − q). Crucially, both the inertial and
gravitational terms in (2) depend linearly on ml, a property exploited by the algebraic estimator in section 3.

𝑞

𝑚𝑔

𝑚𝐿𝑔

𝑘

𝜃

Figure 1. SEA-driven pendulum

3. HUMAN-ROBOT INTERACTION-BASED CONTROL SCHEME
From (2), the term ξ represents the lumped disturbance that includes the movement intention force

and the uncertain dynamics and nonlinearities of the system. A sensorless approach for movement intention
identification, robust to payload variations, is proposed. The control architecture consists of two loops: an
inner loop that regulates the actuator angle θ, and an outer loop that governs the beam angle q under payload
variations and movement intention forces. Figure 2 shows the proposed control scheme.
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Figure 2. Proposed control scheme for the SEA mechanism for detection of movement intention

The outer loop provides estimates of the joint angle q̂, velocity ˙̂q, and lumped disturbance ξ̂ through
a parameter-varying ESO (LPV-ESO) whose gains are adjusted in real time based on the payload estimate
m̂l supplied by the algebraic identification block. The estimated disturbance ξ̂ is used both for disturbance
rejection in the control law and as the input signal to the MII block, which produces the desired joint angle qd.
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3.1. LPV ESO
An ESO based on the Luenberger structure is proposed for the outer loop. The observer parameters

are adjusted in real time as a function of the estimated payload m̂l. From (2), the feedback linearization input
is defined as:

τ = kθ − (mglc + glm̂l) cos(q) (3)

which allows (2) to be rewritten as:

(Jb + l2m̂l)q̈ +Dq q̇ + kq − τ = ξ (4)

The extended state vector is defined as x1 = q, x2 = q̇, and x3 = ξ, where the disturbance is treated
as a third state. Under the assumption of slowly varying disturbance, ξ̇ ≈ 0, the following observer is proposed:

˙̂x1 = x̂2 + λ3(x1 − x̂1)

˙̂x2 =
1

Jb + l2m̂l
(−kx̂1 −Dqx̂2 + x̂3 + τ) + λ2(x1 − x̂1)

˙̂x3 = λ1(x1 − x̂1)

(5)

Defining the estimation errors ei = xi − x̂i, the error dynamics reduce to the following third-order
characteristic equation:

e
(3)
1 +

(
λ3 +

Dq

Jb + l2m̂l

)
ë1 +

(
λ2 +

λ3Dq + k

Jb + l2m̂l

)
ė1 +

λ1

Jb + l2m̂l
e1 ≈ 0 (6)

The observer gains λi are selected by placing all three roots of (6) at s = −ωo, yielding the desired polynomial
(s+ ωo)

3. Matching coefficients gives:

λ1 = ω3
o

(
Jb + l2m̂l

)
λ2 = 3ω2

o −
λ3Dq + k

Jb + l2m̂l
(7)

λ3 = 3ωo −
Dq

Jb + l2m̂l

With this gain selection, all eigenvalues of the error dynamics are located at s = −ωo, guaranteeing
exponential convergence of the estimation error in the absence of disturbance variations [24]. Under the condi-
tion that ξ̇ is bounded, the estimation error remains ultimately bounded, with the steady-state bound inversely
proportional to ωo. It should be noted that the gains λi depend on m̂l through the factor Jb + l2m̂l and are
recalculated as the payload estimate is updated online, preserving the prescribed dynamics (6).

The selection of ωo reflects a trade-off between estimation speed and robustness to measurement noise.
Increasing ωo accelerates convergence of e1 to zero but also amplifies sensor noise in the disturbance estimate
x̂3. Since ξ̂ is used directly in the control law (13) and the MII block, excessive noise in x̂3 degrades trajectory
tracking and trigger false intention activations. In this paper, ωo = 4ωc, where ωc is the outer-loop bandwidth
defined in section 4, provides a suitable compromise.

3.2. Online payload algebraic estimation
The payload mass m̂l is identified online using the algebraic estimation approach ([25]). Applying the

Laplace transform to (2) and treating ξ as a zero-mean rapidly varying noise term yields:

(Jb +mll
2)

[
s2q(s)− sq(0)− q̇(0)

]
+Dq [sq(s)− q(0)] + kq(s)− kθ(s) + (mglc +mlgl)χ(s) = 0 (8)

where χ(s) = L{cos(q(t))}. Taking consecutive derivatives with respect to s to eliminate the initial conditions,
and multiplying by s−2 to avoid time differentiation and solving for m̂l:

m̂l =
α

β
(9)
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where:

α =

∫ (2) [
kt2θ −mglc t

2χ− (2Jb + 2Dqt+ kt2)q
]
+

∫
(4Jbt+Dqt

2)q − Jbt
2q (10)

β =

∫ (2) [
2l2q + gl t2χ

]
− 4l2

∫
tq + l2t2q (11)

Each of these expressions is implemented as a second-order time-varying filter. To attenuate the effect
of the zero-mean noise ξ, a low-pass filter is included:

α = z1
ż1 = z2 − Jbt

2q
ż2 = z3 + (4Jbt+Dqt

2)q
ż3 = kt2θ −mglc t

2 cos(q)− (2Jb + 2Dqt+ kt2)q

β = z4
ż4 = z5 + l2t2q
ż5 = z6 − 4l2tq
ż6 = 2l2q + gl t2 cos(q)

(12)

The filters must be reset at the beginning of each estimation interval, and the estimate m̂l is considered
valid after a convergence period, as reported in section 4. It is important to note that the algebraic formulation
assumes ξ to be a zero-mean noise term during the identification phase. In physical HRI scenarios, the operator
may apply interaction forces simultaneously with the estimation procedure, introducing a non-zero mean com-
ponent in ξ that biases the estimate m̂l. To mitigate this effect, the estimation is restricted to intervals in which
|ξ̂| remains below the movement intention threshold γ (section 3.4.), which serves as a practical indicator of a
no-interaction phase and allows the estimator to operate with reduced bias. This restriction is acknowledged as
a limitation of the proposed approach in section 5.

3.3. Outer-loop control law
By means of feedback linearization applied to (2), and using the ESO estimates q̂, ˙̂q, and ξ̂, the outer-

loop control law establishes the actuator angle reference θ as:

θ =
1

k

[
Dq

˙̂q + kq̂ + (mglc + glm̂l) cos(q̂)− ξ̂
]
+

Jb + l2m̂l

k

[
q̈d − k2( ˙̂q − q̇d)− k1(q̂ − qd)

]
(13)

where qd is the desired joint angle. Substituting (13) into (2), the tracking error et = qd − q satisfies:

ët + k2ėt + k1et ≈ ε (14)

where ε depends on the estimation errors and converges to zero as the observer errors decay. The controller
gains are selected according to the desired bandwidth ωc:

k1 = ω2
c , k2 = 2ωc (15)

3.4. Movement intention identification
Figure 3 describes the movement intention identification scheme. The estimated disturbance ξ̂ pro-

duced by the LPV-ESO contains both high-frequency components associated with fast actuator dynamics and
low-frequency components correlated with the voluntary interaction force of the operator. A low-pass filter
with cutoff frequency ωf is applied to attenuate the high-frequency content:

ξ̂f (t) = ξ̂(t)
ωf

s+ ωf
(16)
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A deadband of threshold γ is then applied to ξ̂f to suppress activations caused by residual noise and
minor disturbances not associated with voluntary human intent. The remaining signal is scaled by a sensitivity
gain ks and integrated to produce the desired joint velocity q̇d:

q̇d(t) =

{
0 |ξ̂f (t)| < γ

ksξ̂f (t) |ξ̂f (t)| ≥ γ
(17)

The desired joint angle qd is obtained by integration of q̇d.
The cutoff frequency ωf determines the trade-off between sensitivity and response time: a lower value

provides smoother estimates of the intention force but introduces a larger detection delay, while a higher value
reduces delay at the cost of increased noise in ξ̂f . The value ωf = 5 rad/s is selected to achieve a response
time compatible with typical human motion frequencies, which are generally below 2 Hz [11]. The deadband
threshold γ is set to prevent activation by noise components that persist after low-pass filtering; its value is
chosen above the observed noise floor of ξ̂f under no-interaction conditions. The sensitivity gain ks maps the
magnitude of the filtered disturbance to the desired joint velocity: a larger value increases the range of motion
per unit of applied force, while a smaller value requires greater operator effort.

4. RESULTS
Numerical simulations are performed to evaluate the proposed control scheme under nominal condi-

tions and under ±10% random parameter variations. The mechanical parameters of the SEA-driven pendulum
are: beam mass m = 0.46 kg, nominal load mass ml = 0.5 kg, beam length l = 0.2 m, center-of-mass
distance lc = 0.1 m, beam inertia Ib = 0.0015 kg·m2, actuator inertia Ia = 0.001 kg·m2, actuator and beam
damping Dθ = 0.05 and Dq = 0.02 N·m·s/rad, and spring stiffness k = 10 N·m/rad. The motor parameters
are km = 0.05 N·m/A, R = 2.5 Ω, and kh = 12 V/PWM. The control parameters are set as follows: outer-loop
bandwidth ωc = 15 rad/s, observer bandwidth ωo = 4ωc = 60 rad/s, MII filter cutoff ωf = 5 rad/s, sensitivity
gain ks = 7, and deadband threshold γ = 0.1 N·m. Two sets of results are presented: trajectory tracking under
a predefined reference with small external disturbances, and payload estimation performance under online load
variations.

4.1. Trajectory tracking
Trajectory tracking is evaluated in the absence of movement intention identification. A small external

disturbance is applied at the end of the SEA-driven mechanism to emulate residual interaction forces. The
payload is varied online each 10 seconds to examine the response of the system under load variations. Figure 4
presents the trajectory tracking results. Figure 4(a) shows the joint angle response over a 60-second simulation
under nominal and under ±10% random parameter variations. The inset highlights the response around a
payload transition, confirming that tracking error remains small in both scenarios. Figure 4(b) depicts the
corresponding joint angle error. The tracking error stays bounded over the simulation under nominal and
uncertain scenarios, as reported in Table 1. Peaks arise at payload variation instants and are attenuated by the
outer loop, with settling times consistently below 2 s.
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Parameter Symbol Value

beam mass m 0.46 kg
load mass (nominal) ml 0.5 kg
beam length l 0.2 m
beam center of mass distance lc 0.1 m
beam moment of inertia Ib 0.0015 kg ·m2

actuator inertia Ia 0.001 kg ·m2

actuator damping Dθ 0.05 N ·m · s/rad
beam damping Dq 0.02 N ·m · s/rad
rotational spring stiffness k 10 N ·m/rad
motor torque constant km 0.05 N ·m/A
motor resistance R 2.5 Ω
power circuit gain kh 12 V/PWM
gravitational acceleration g 9.81 m/s2

Control parameters
outer loop bandwidth ωc 15 rad/s
observer bandwidth ωo 60 rad/s
MII filter cutoff frequency ωf 5 rad/s
MII sensitivity gain ks 7
MII deadband threshold γ 0.1 N ·m

Table 1. Simulation parameters

4.1. Trajectory tracking
For analysis purposes, the first simulation addresses reference tracking without movement intention

identification. Figure 4a shows the trajectory tracking of the system for the joint angle during a 60-second
test. A small disturbance signal at the end of the SEA-driven pendulum was applied. Additionally, in order
to show the robustness of the proposed scheme, together with the nominal response, tracking under ±10%
random parameter variations was also included. A detailed view presents small differences between desired
and obtained trajectories. To clarify these disparities, Figure 4b shows how the joint angle error remains
bounded under nominal and uncertain conditions. Large spikes occur on the payload variation and estimation
updates.
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Figure 4. Trajectory tracking results

4.2. Mass estimation
To verify the mass estimation of the proposed scheme for nominal and uncertain conditions, the pay-

load was modified online, as shown in Figure 5a. After mass variations, a convergence period between one
and two seconds is needed while the filters converge to the mass estimation. These filters must be restarted
for new mass estimations after each payload variation. Evidently, the estimation error is larger under uncertain
conditions due to the estimation parameter dependence. Figure 5b displays the real and estimated disturbance
for nominal and uncertain cases. Large spikes correspond to the payload estimation period. In this phase, load
variations are considered as disturbances and are rejected by the outer loop control law. After the estimation
period, the payload estimate is included in the system observer removing this offset, allowing the distinction
between payload variations and disturbance forces.
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4.2. Mass estimation
To verify the mass estimation of the proposed scheme for nominal and uncertain conditions, the pay-

load was modified online, as shown in Figure 5a. After mass variations, a convergence period between one
and two seconds is needed while the filters converge to the mass estimation. These filters must be restarted
for new mass estimations after each payload variation. Evidently, the estimation error is larger under uncertain
conditions due to the estimation parameter dependence. Figure 5b displays the real and estimated disturbance
for nominal and uncertain cases. Large spikes correspond to the payload estimation period. In this phase, load
variations are considered as disturbances and are rejected by the outer loop control law. After the estimation
period, the payload estimate is included in the system observer removing this offset, allowing the distinction
between payload variations and disturbance forces.
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(b)

Figure 4. Trajectory tracking results: (a) joint angle response under nominal and uncertain conditions and
(b) joint angle tracking error
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Table 1. Trajectory tracking performance metrics
Metric Nominal Uncertain (±10%)
Root mean square error (RMSE)
— full simulation (rad)

0.0024 0.0022

RMSE — steady state (rad) 0.0022 0.0020
Mean absolute error (MAE) —
steady state (rad)

0.0015 0.0014

Max error — full simulation (rad) 0.0199 0.0169
Peak error at t = 20 s (rad) 0.0116 0.0097
Settling time at t = 20 s (s) 1.42 1.87
Peak error at t = 40 s (rad) 0.0179 0.0155
Settling time at t = 40 s (s) 1.73 1.79

4.2. Payload estimation
Figure 5 shows the results of the online payload estimation. Figure 5(a) presents the real and estimated

payload mass under nominal and uncertain conditions. After each variation, the algebraic estimator filters must
be restarted and a convergence period of approximately two seconds is required before a valid estimate is
available. During this interval, the load variation is treated as a lumped disturbance and rejected by the outer-
loop control law, as reflected by the transient spikes observed in Figure 5(b).
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Figure 5. a) Payload algebraic estimation under nominal and uncertain conditions b) Estimated disturbance

4.3. Trajectory adaptation under external disturbance

In order to verify the movement intention identification performance, a second simulation with a
larger disturbance force was performed. Figure 6a shows the obtained trajectories for nominal and uncertain
cases. The offset at the end of the simulation is caused by differences between the payload estimations due to
parameter variations. On the other hand, Figure 6b shows the joint angle error. Notice the adequate controller
performance for the trajectory tracking under ideal and uncertain conditions.

0 10 20 30 40 50 60

t (sec)

-1.5

-1

-0.5

0

0.5

1

1.5

J
o

in
t 

a
n

g
le

 (
ra

d
)

a)

26 26.2 26.4 26.6

-0.12

-0.1

-0.08

0 10 20 30 40 50 60

t (sec)

-0.02

-0.01

0

0.01

0.02

0.03

J
o

in
t 

a
n

g
le

 e
rr

o
r 

(r
a
d

)

b)

Figure 6. a) Trajectory adaptation with MII b) Joint angle error under nominal and uncertain conditions

5. CONCLUSIONS
This paper introduces an innovative approach to allow the recognition of movement intentions without

the use of force sensors. The proposed human-robot interaction method distinguishes between movement in-
tention and payload variations using an algebraic parameter identification system. We present an LPV observer-
based control system to actively reject the estimated disturbance. Our strategy effectively identifies changes
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4.3. Trajectory adaptation under external disturbance

In order to verify the movement intention identification performance, a second simulation with a
larger disturbance force was performed. Figure 6a shows the obtained trajectories for nominal and uncertain
cases. The offset at the end of the simulation is caused by differences between the payload estimations due to
parameter variations. On the other hand, Figure 6b shows the joint angle error. Notice the adequate controller
performance for the trajectory tracking under ideal and uncertain conditions.
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(b)

Figure 5. Payload estimation and disturbance results: (a) real and estimated payload mass under nominal and
uncertain conditions and (b) real and estimated disturbance signals

Table 2 summarizes the payload estimation performance. Under both nominal and uncertain condi-
tions the estimation error after convergence is small, consistent with the dependence of the algebraic estimator
on the plant parameters. Once the payload estimate has converged and is incorporated into the observer gains
(7), the disturbance estimate ξ̂ returns to a low steady-state level, confirming that the LPV-ESO effectively sepa-
rates payload-induced torques from residual disturbances. During each payload transition the peak disturbance
is bounded and proportional to the magnitude of the load change, as shown in Figure 5(b).

Steady-state payload RMSE shown in Table 2 is affected by convergence transients, which produce
large instantaneous errors immediately after load changes. Once convergence is achieved, the estimation error is
significantly reduced, as reflected by the per-change values reported in the same table. The higher RMSE under
nominal conditions, compared to the uncertain case, reflects the longer duration of the estimation transients.
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The low steady-state level of |ξ̂| confirms that, once the payload estimate has converged, the lumped
disturbance primarily reflects voluntary operator interaction forces rather than payload-induced torques. Pre-
liminary simulations with deliberate interaction forces confirm that ξ̂f exceeds the deadband threshold γ during
intentional contact, activating the MII integrator and producing smooth trajectory adaptation consistent with the
direction and magnitude of the applied force.

Table 2. Payload estimation and disturbance metrics
Metric Nominal Uncertain (±10%)
Estimation error at t = 20 s (kg) 0.0010 0.0059
Estimation error at t = 40 s (kg) 0.0024 0.0070
Payload RMSE — steady state (kg) 0.0133 0.0125
Peak |ξ̂| at t = 20 s (N·m) 0.0793 0.0714
Peak |ξ̂| at t = 40 s (N·m) 0.1302 0.1108
Disturbance RMSE — steady state (N·m) 0.0252 0.0229
Mean |ξ̂| — steady state (N·m) 0.0090 0.0084

5. CONCLUSION
A sensorless control scheme for SEA-driven robots that integrates online payload identification, pa-

rameter varying state estimation, and movement intention recognition has been proposed. The three compo-
nents operate within a unified active disturbance rejection framework: the algebraic estimator provides the
payload mass required to adjust the LPV-ESO gains, the observer supplies the disturbance estimate used both
for control and for intention detection, and the MII block translates the filtered disturbance into a desired joint
trajectory.

Simulation results under nominal conditions and under random parameter variations confirm that tra-
jectory tracking error remains bounded throughout load transitions, with low steady-state RMSE in both cases.
The algebraic estimator converges to the true payload value after each load change, with small relative esti-
mation error under nominal conditions. The disturbance estimate returns to a low steady-state level after each
convergence period, confirming that the observer gain adaptation effectively removes the payload contribu-
tion from the lumped disturbance signal. The structure of the observer output confirms that payload-induced
torques and voluntary operator interaction forces produce distinguishable signatures in the estimated distur-
bance ξ̂, consistent with the intended operating principle of the MII block.
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at the Universidad de San Buenaventura, Bogotá, Colombia. His current research interests include
fault detection and isolation, active disturbance rejection control, and applications of control theory.
He can be contacted at email: evillarreall@libertadores.edu.co.

Horacio Coral-Enriquez received the B.Sc. degree in Engineering in Industrial Automat-
ica from the Universidad del Cauca, Popayán, Colombia, in 2005, and the M.Sc. degree in Automat-
ica from the Universidad del Valle, Cali, Colombia, in 2010. In 2017 he received the Ph.D. degree
(Cum laude) from the Universidad Nacional de Colombia. Currently, he is a Research Associate
Professor of the Faculty of Engineering at the Universidad de San Buenaventura, Bogotá, Colombia.
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Colombia, in 2005 and 2014, respectively. Currently, he is Full Professor of the Faculty of Technol-
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