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Abstract:
Physical human-robot interaction (pHRI) systems are widely used in assistive robotics for safe
and responsive collaboration. They often employ admittance control to convert human forces
into robot motion commands and incorporate passivity controllers to ensure stable interaction.
Velocity signals are critical for defining motion and contributing to energy estimation in passivity
control, but how different velocity processing methods affect system performance across passivity
controllers remains unclear. This work experimentally investigates common velocity processing
methods in interaction with state-of-the-art passivity controllers. Results show that low-pass
filtering velocity commands improves performance but increases delay, whereas state-space
fusion of encoder and accelerometer measurements achieves the best balance. A conservatively
configured ultimately passive controller (UPC) provides stable interaction across conditions,
offering practical insights for designing stable and high-performance pHRI systems.

Keywords: Physical human-robot interaction, admittance control, passivity controller, velocity
signal processing

1. INTRODUCTION

Physical human-robot interaction (pHRI) systems have
demonstrated broad applications in healthcare and man-
ufacturing (Mehrholz et al., 2020; Cherubini et al., 2016).
Many such systems rely on either impedance or admittance
control schemes to regulate the robot dynamic response
by rendering a digital virtual environment (VE), through
which the human user experiences motion and force feed-
back (Keemink et al., 2018). When admittance control
is adopted, the user applies force to the robotic device
and the VE converts this measured force into the desired
motion for the servomotor, enabling a natural and intuitive
pHRI. In this process, achieving both stability and nominal
system performance is essential for safe and high-quality
interaction, but this remains challenging as improving one
often degrades the other (Colgate and Schenkel, 1994).

While many control strategies exist for pHRI, passivity-
based approaches are widely used because they provide a
sufficient condition for stable interaction without requiring
detailed human or robot models (Miller et al., 2000). For
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example, Hannaford and Ryu (2002) and Ryu et al. (2004)
introduced a time-domain passivity method that employs
a passivity observer (PO) to monitor energy exchange and
a passivity controller (PC) to inject an energy-dissipating
element (i.e. virtual damping) when needed to maintain
system passive. This approach forms the basis of most
subsequent passivity control developments in pHRI and
is therefore referred to as the “classic PC”. More re-
cently, Ferraguti et al. (2019) proposed an energy-tank
formulation that stores and releases energy as needed,
combined with a device oscillation detector, to preserve
passivity and stable interaction.

However, passivity approaches are inherently conservative,
as they maintain stability at the cost of pHRI perfor-
mance (Buerger and Hogan, 2006). To address this lim-
itation, the ultimately passive controller (UPC) was pro-
posed, allowing non-passive transients while ensuring sys-
tem passivity at steady-state, thereby enabling a balance
between stability and performance (Guo et al., 2025). This
is achieved through switching between a UPC nominal
controller for nominal performance and a conservative con-
troller for passivity enforcement, based on PO-estimated
energy and the UPC’s tuned energy bounds.

When PCs are implemented on admittance devices, sys-
tem performance may be influenced by the velocity signal



configurations in the admittance control scheme. Velocity
signals not only drive the robot motion in the control loop,
modulating how admittance control is implemented, but
they are also required for the computation of real-time
energy exchange through the PO for PCs actions. Still,
different velocity processing methods (e.g. filters, state-
space fusion) used within the control loop lead to varied
signal qualities and introduce distinct loop delays, thereby
affecting VE rendering, system responsiveness, and the ac-
curacy of energy estimation. All these factors can influence
the overall pHRI performance under different PCs, but
their combined impact has not yet been assessed. There-
fore, this work investigates the effect of different velocity
signal processing methods on pHRI system performance
in an admittance control scheme, through an experimental
evaluation of selected state-of-the-art passivity controllers:
the classic PC, the energy-tank PC, and the UPC.

2. METHODS

2.1 Experimental Setup

Device and Characteristics The experiment was con-
ducted on the Shoulder Elbow Perturbator (SEP) (Han-
kamp Rehab, Enschede, Netherlands) as shown in Fig-
ure 1. As described in van Zanten et al. (2025), the SEP is
a one-degree-of-freedom rotational robot with a maximum
range of motion of 160◦ and an arm of 0.3m connected to
the motor output shaft via a load cell.

The admittance control framework and PCs were imple-
mented in MATLAB Simulink 2024b and converted to C-
code to be built into the Beckhoff TwinCAT 3.1 software.
The system operated at 2kHz for both control and data
acquisition. The load cell (Futek LCM200, Futek, USA)
was used to measure the rotational interaction torque
and the motor encoder provided kinematic measurements,
which were transformed into linear force and kinematics at
the robot arm endpoint in task space. An accelerometer
(ADXL335, Analog Devices, USA) was also mounted at
the endpoint of the robot arm to provide an additional
kinematic measurement.

When the SEP device executed velocity commands, a
motor drive delay of 2ms was identified. This delay was
measured as the time between sending a velocity command
to the motor and capturing the corresponding velocity
from the encoder measurement, with no embedded filters
or processing applied in this procedure.

VE Rendering As noted in Keemink et al. (2018), it is
more challenging for an admittance device to achieve high
transparency (i.e. low virtual mass and damping of the
VE), especially when the human operator (HO) suddenly
exhibits high stiffness. To evaluate system performance
under such a demanding condition, this work employed the

Fig. 1. The rotational robot used in the experiment.

following approximated discrete-time virtual mass-damper
model with sampling period Ts for digital VE at the k-th
sampling instant:

vve[k] =
fm[k]Ts +mvevm[k]

mve + bveTs
, (1)

where vve is the desired velocity for VE rendering, fm is the
measured linear interaction force, and vm is the measured
linear velocity, all of which are expressed at the robot arm
endpoint in the direction of rotation. The characteristics
of VE are determined by the selected virtual mass mve

and virtual damping coefficient bve. In the case where no
PC was implemented, the velocity command vd executed
was simply equal to vve.

Importantly, when the SEP device was rendering an arbi-
trary VE, high-frequency chattering around 140Hz was
observed and persisted even when the rendered trans-
parency was decreased, regardless of the HO’s behaviour.
This chattering was likely due to quantisation effects
in the fast-sampling small-scale robot, and sensor noise.
Therefore, appropriate velocity processing methods were
required in the control loop to enable stable VE rendering.

Energy Observing A digital PO was implemented to
estimate the energy flow of the pHRI system. The energy
was first calculated using the measured force fm and
velocity vm as:

E[k] =

k∑
n=0

fm[n]vm[n]Ts + E[0]. (2)

Then, based on the computed E[k] and the VE command
vve[k] to be applied, the future energy (one-step predic-
tion) was estimated as:

Ê[k + 1|k] = Eall[k] + fm[k]vve[k]Ts. (3)

Here, Ê[k + 1|k] served as the PO’s estimation outcome.

2.2 Velocity Processing Methods

To enable the system to render a stable VE for the HO’s
compliant haptic interaction behaviour at low stiffness,
three commonly used velocity processing methods were
successively implemented in the control loop.

Low-Pass Filters The first method applied a 12th-
order FIR low-pass filter with cut-off frequency 10Hz
to the velocity commands vd to remove high-frequency
components (i.e. the observed 140Hz chattering) before
they were executed by the servomotor. Another 4th-
order FIR low-pass filter with cut-off frequency 20Hz was
applied to the encoder velocity measurements to mitigate
quantisation effects and obtain vm values. However, these
additional filters introduced extra delays of 3ms and 1ms
respectively, leading to a total loop delay of 6ms.

Sensor Fusion with State-Space Model This method
built a discrete state-space model and fused the encoder
measured angular position θenc and the accelerometer
measured and transformed angular acceleration θ̈acc into
an estimated angular velocity using a state-space model:

x[k + 1] =Ax[k] +Bu[k],

y[k] =Cx[k], (4)

where u[k] is the input vector formed by
[
θenc[k] θ̈acc[k]

]T
,

and y[k] is the output vector. The state vector x[k] is



defined as
[
θ̂[k] ω̂[k] α̂[k]

]T
, representing the estimated

angular position, velocity, and acceleration, respectively.
The matrices A, B, and C were tuned with pre-experiment
calibration data of the SEP device to achieve a balance
between noise suppression and drift reduction in the esti-
mated states, as follows:

A =

[
0.8787 4.6935× 10−4 8.9474× 10−8

−14.9714 0.9962 4.1970× 10−4

−923.8519 −0.2360 0.9990

]
,

B =

[
0.1213 3.0391× 10−8

14.9714 7.6654× 10−6

923.8519 9.5380× 10−4

]
, C =

[
1 0 0
0 1 0
0 0 1

]
. (5)

The estimated angular velocity ω̂ was converted into linear
velocity vm at the robot arm endpoint for subsequent
use in VE rendering. The implementation of additional
kinematic measurements by the accelerometer and this
state-space model introduced only one sample delay of
0.5ms, leading to a total loop delay of 2.5ms.

Prior Velocity Command This method followed the ad-
mittance control model used in Keemink et al. (2018)
and van Zanten et al. (2025), which is a commonly used ap-
proach that decouples the desired velocity generation from
real-time velocity measurements, under the assumption
that the desired velocity vd is executed immediately. Using
this method, the velocity command from the previous
sample, represented by vd[k − 1], was used in place of the
measured velocity vm[k] for VE rendering. It is noted that
this method did not introduce any additional delay beyond
the motor drive delay which was measured as 2ms.

2.3 Passivity Controllers Implementation

Three passivity control algorithms, namely classic PC,
energy tank, and UPC, were implemented on the SEP de-
vice to evaluate their effectiveness in stabilising potentially
unstable pHRI systems. The classic PC implementation
followed Ryu et al. (2004). It relied on the implemented PO
to monitor the passivity status and calculated the required
PC virtual damping online to dissipate excess energy when
needed. For safety considerations, the velocity command
was set to saturate at 1m · s−1 when the PC was working.

For the energy tank approach, the following parameters
were defined after the calibration procedure provided
in Ferraguti et al. (2019): oscillation detection threshold
ϵ = 0.8m · s−2; forgetting factor β = 0.1; upper bound of
inertia variation ∆M = 0.1kg; tank storage upper bound
T̄ = 0.2J and lower bound δ = 0.02J .

Following Guo et al. (2025), the UPC parameters were cho-
sen to allow switching between the nominal controller with
{mPC,N = 0, bPC,N = 0} and the conservative controller
with

{
mPC,C = 0, bPC,C = 10Ns ·m−1

}
. The UPC’s up-

per and lower bound of energy were selected to be Ē =
0.05J and −E = −0.05J respectively.

In the subsequent experimental evaluation, when the de-
fault configurations of the passivity controllers showed in-
sufficient ability to stabilise the pHRI system, the authors
adjusted the configurations as needed when possible. The
adapted parameters are reported as results in Section 3.

2.4 Procedure and Evaluation

Since undesired oscillations in the pHRI system can occur
when the admittance device intends to be very transparent

and the HO suddenly exhibits high stiffness, the experi-
ment was conducted with the HO holding the endpoint of
the robot arm and performing a sudden movement along
the rotational axis, followed by a sudden stop with persis-
tent high arm stiffness (i.e. maximum arm co-contraction).

In the experiment, stable interaction and highly trans-
parent system behaviour were expected. Stability was as-
sessed based on the absence of sustained oscillations or
high-frequency chattering. To evaluate the overall system
performance in rendering the more “transparent” possible
behaviour, an effective virtual mass me was defined as the
overall mass value to be rendered in the system, and a
resulting effective virtual damping be was calculated as:

be[k] =
fm[k]Ts −me[k]vd[k] +me[k]vm[k]

vd[k]Ts
. (6)

Here, a smaller me and be value indicate a more transpar-
ent system where the overall rendered behaviour is closer
to the intended VE.

3. RESULTS

3.1 Low-Pass Filters

VE Rendering Behaviour A highly transparent VE could
be rendered with

{
mve = 0.02kg, bve = 0.02Ns ·m−1

}
us-

ing this velocity processing method. Lower values of mve

and bve were not further attempted for safety considera-
tions, as this VE mass was already much lighter than the
robot arm mass. The rendered VE provided stable haptic
interaction with the HO’s compliant behaviour at low arm
stiffness, as shown in the first 0.4s of system performance
in Figure 2.a. After that, in response to the HO’s high
stiffness behaviour in such a transparent VE with no PC
implemented, the robot arm continued oscillating, with
the PO-estimated energy dropping to negative values and
maintaining this trend which reflected instability.

Passivity Controllers Effectiveness When the classic
PC was used with this velocity processing method and
rendered VE (Figure 2.b), it was unable to stabilise the
system, and the intense oscillations caused the motor to
shut down, as indicated by the pale pink area in the plots.
The 6ms loop delay associated with the low-pass filters
led to the interaction force and PC velocity being out of
phase, as shown in the inserted graph, making a precise
online calculation of the PC virtual damping impossible.

The tank in its default configuration stabilised the system
(Figure 2.c), using the parameters in Table 1. The HO’s
high stiffness behaviour elicited robot arm oscillations,
leading to measured tracking error exceeding pre-defined
oscillation detection threshold ϵ, which in turn triggered
the tank to implement incremental mass and damping for
stabilisation. The PO-estimated energy was not used for
tank implementation but provided for comparison.

Table 1. Tank parameters for three configura-
tions: default, state-space-model update (State
Sp), and prior-command update (Prior Cmd).

Params Unit Default State Sp Prior Cmd

ϵ m · s−2 0.8 0.6 0.8
β - 0.1 0.1 0.1

∆M kg 0.1 0.05 0.1
T̄ J 0.2 0.2 0.2
δ J 0.02 0.02 0.02
η - 1 500 100
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Fig. 2. Using low-pass filters, system performance under HO’s high stiffness behaviour across passivity controllers.

The UPC was also able to stabilise the system (Figure 2.d).
The robot arm oscillations resulted in the PO-estimated
energy dropping below the UPC’s lower bound of energy
−E = −0.05J , triggering the UPC to switch to its con-
servative controller for system stabilisation as described
in Guo et al. (2025).

3.2 Sensor Fusion with State-Space Model

VE Rendering Behaviour When the VE parameters were
set to {mve = 0.02kg, bve = 0.02Ns ·m−1} as for the low-
pass filters method, the system performance without PC in
Figure 3.a shows that high-frequency chattering occurred
as soon as physical interaction took place between the HO
and the robot arm, even without the HO exhibiting any
high stiffness behaviour. The chattering had a frequency of
approximately 110Hz, as illustrated on the inserted graph
zooming on the desired velocity.

Gradually increasing the VE parameters to {mve =
0.07kg, bve = 0.07Ns · m−1} (Figure 3.b) enabled stable
haptic interaction for the HO under compliant behaviour.
Although oscillations occurred under high stiffness, no
chattering was observed. Notably, this oscillation had a
lower frequency and larger amplitude, which differed from
the oscillation pattern observed in the system baseline
configuration shown in Figure 2.a in Section 3.1.

Passivity Controllers Effectiveness Following the HO’s
high stiffness behaviour with a VE of {mve = 0.07kg,
bve = 0.07Ns · m−1}, the classic PC was still unable to

stabilise the system and led the motor to shut down, as
shown in Figure 3.c. This performance remained similar
to that of the system using low-pass filters, even though
the loop delay had been reduced from 6ms to 2.5ms.

When the tank approach with the default configuration
was used (Figure 3.d), it failed to stabilise the system.
The HO’s high stiffness continuously elicited robot arm
oscillations, which in turn repeatedly triggered the tank
to implement incremental mass and damping. To enable
the tank to stabilise the system under this condition, its
parameters were re-tuned to an updated version provided
in Table 1. Specifically, the oscillation detection threshold
ϵ was reduced for more sensitive detection and faster
tank response, and the upper bound of inertia variation
∆M was halved to mitigate the inertia effect. More im-
portantly, an additional tank parameter—the damping
adding factor η—was introduced. This factor defines that
the incremental damping implemented equals its default
value multiplied by η (η = 1 in default configuration).
The system performance shown in Figure 3.e demonstrates
that the tank updated configuration successfully stabilised
the system, though at the cost of a heavier transparency
performance sacrifice represented by much larger be values.

Regarding the UPC, Figure 3.f shows that its default
configuration was able to dissipate some excess energy,
thereby suppressing the robot arm oscillation to some
extent as indicated by the smaller oscillation amplitude
compared to the no-PC condition (see Figure 3.b). How-
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Fig. 3. Using state-space model for sensor fusion, system performance under HO’s high stiffness across conditions.
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Fig. 4. Using prior velocity command, system performance under HO’s high stiffness across conditions.

ever, this was still not sufficient to fully stabilise the system
under this oscillation pattern. When a more aggressive
UPC conservative controller was implemented by increas-
ing bPC,C from 10 to 50Ns ·m−1 to enhance excess energy
dissipation, the results in Figure 3.g demonstrates the
UPC’s capability to stabilise the system with an increase
in the resultant be values.

3.3 Prior Velocity Command

VE Rendering Behaviour The attempted VE started
from

{
mve = 0.1kg, bve = 0.1Ns ·m−1

}
and the corre-

sponding system performance is provided in Figure 4.a.
These values were selected higher than those in Section 3.1
and 3.2 as this method assumes immediate velocity com-
mand execution, whereas the actual 2ms loop delay cre-
ates a high likelihood of out-of-phase phenomenon when
the system is very transparent. It can be observed that
any physical interaction between the HO and the robot
arm induced out-of-phase phenomenon, resulting in strong
instantaneous oscillations and eventual motor shutdown.

While gradually increasing the VE to {mve = 0.25kg,
bve = 0.25Ns · m−1}, Figure 4.b shows robot arm oscil-
lations as a result of the HO’s high stiffness, but no high-
frequency chatter was present.

Passivity Controllers Effectiveness When the VE was
rendered at

{
mve = 0.25kg, bve = 0.25Ns ·m−1

}
under

HO’s high stiffness behaviour, the classic PC (Figure 4.c)
failed to stabilise the system and led to motor shutdown,
even with the minimum achievable delay of 2ms (i.e. the
motor drive delay) in this velocity processing method.

The tank approach implemented with its default config-
uration still failed to stabilise the system. As shown in
Figure 4.d, the robot arm oscillations induced by HO’s
high stiffness were not eliminated by the tank approach
but repeatedly triggered its response of incremental mass
and damping. This issue was resolved by implementing
a damping adding factor η of 100, with the full set of
parameters provided in Table 1. Using the updated tank
configuration (Figure 4.e), the tank approach effectively
stabilised the system, with be increasing as a result.

The UPC was evaluated using the parameters from its
default configuration. As shown in Figure 4.f, the high
stiffness induced oscillation caused the PO-estimated en-
ergy to drop to −E = −0.05J , triggering a switch to

the conservative controller of bPC,C = 10Ns · m−1 to
successfully stabilise the system.

4. DISCUSSION

This work conducted experiments to investigate the effects
of selected commonly used velocity processing methods
for an admittance control scheme on pHRI system perfor-
mance. The experimental evaluation assessed VE render-
ing behaviour and the effectiveness of three selected PCs
in stabilising a pHRI system. A summary of the results is
provided in Table 2 and discussed in detail subsequently.

4.1 Velocity Processing Effects on VE Rendering

In this experimental investigation, when the HO exhibited
compliant behaviour at low arm stiffness, the rendered
VE was expected to provide stable interaction without an
implemented PC, while attempting to maintain maximum
transparency indicated by the lowest possible mve and bve.

When three different velocity processing methods were
successively implemented in the control loop, the one using
low-pass filtered velocity commands showed the best trans-
parent VE performance, corresponding to the lowest se-
lected mve. By reducing the robot bandwidth, it prevented
high-frequency system chatter and provided a “cleaner”
system for better rendering performance, although this
method also introduced the longest loop delay of 6ms
which resulted in the lowest responsiveness.

In comparison, adding an additional velocity measurement
and fusing it using a state-space model successfully solved
the measurement noise issue and greatly improved system
responsiveness to a 2.5ms loop delay, but at the cost of
VE performance as reflected by a higher achievable mve.
This is because the device bandwidth was not not sharply
reduced, so some noise and non-linearities still remained.

Table 2. Effects of velocity processing meth-
ods on pHRI performance across passivity con-
trollers. (✓: successful stabilisation, ×: failed,
†: previously successful in low sacrif. config.)

Passivity controllers LP Filters State Sp Prior Cmd

Stable VE without PC
{mve(kg), bve(Ns ·m−1)}

{0.02,
0.02}

{0.07,
0.07}

{0.25,
0.25}

Classic PC × × ×
Tank (default config.) ✓ × ×

UPC (low sacrif. config.) ✓ × ✓
UPC (high sacrif. config.) ✓† ✓ ✓†



Finally, using the admittance control model that relies
on prior velocity commands is the easiest to implement,
as it does not require device characteristic identification
or additional sensors. However, this method assumes im-
mediate velocity command execution, whereas in practice
the loop delay is difficult to eliminate on an admittance
device. The system was thus highly sensitive to noise,
easily leading to out-of-phase phenomenon when the VE
was very transparent. This simple method should probably
be used only when best VE performance is not required.

4.2 Velocity Processing Effects on Passivity Controllers

When the pHRI system operated in a VE with the high-
est possible transparency under any velocity processing
method, the HO’s high stiffness resulted in the robot arm
to oscillate, at which point different passivity controllers
were expected to stabilise the system. Unfortunately, the
classic PC still failed to achieve stabilisation, even when
the loop delay was reduced to the minimum achievable
value of 2ms. This is because the residual delays still make
precise online calculation of the PC response impossible.

The effectiveness of the tank approach was affected by
oscillation patterns arising from specific velocity process-
ing method and VE parameters. For example, when the
oscillation pattern had lower frequency and larger am-
plitude as observed in Section 3.2, the tank with default
configuration demonstrated very limited effectiveness. On
one hand, this pattern reduced measured tracking error
during oscillation, making the detection threshold less
sensitive and thus delaying tank response. On the other
hand, this stabilisation relied largely on incremental mass,
but adding mass without sufficient incremental damping
caused the HO to experience a strong inertia effect rather
than suppressing oscillations. Although the updated tank
configurations—particularly the use of additional damping
element for stabilisation—significantly improved effective-
ness, they also introduced additional tuning work.

The UPC showed overall good behaviours across condi-
tions. The only exception occurred with the less con-
servative implementation coupled with state-space sensor
fusion in Section 3.2, where lower frequency and larger
amplitude oscillations appeared. This was due to an opti-
mistic selection of the UPC conservative controller damp-
ing bPC,C which was only 10Ns · m−1, corresponding to
a low transparency-performance sacrifice configuration in
Table 2. Increasing bPC,C was a straightforward and ef-
fective solution, although it led to heavier transparency
sacrifice. A high transparency-performance sacrifice con-
figuration (see Table 2) was only experimentally tested in
Section 3.2, but it is reasonable to infer its effectiveness
for the methods in Section 3.1 and 3.3, as larger damping
would enhance energy dissipation and system stabilisation.
In practice, this implies that a larger stabilising damping in
UPC is recommended for more reliable stability guarantee.
This strategy maintains the practicality of the approach,
while improving its generalisability when implemented
with different velocity processing methods in admittance
control and oscillation patterns might be unknown.

4.3 Limitations and Future Work

It is acknowledged that only selected velocity processing
methods and state-of-the-art passivity controllers were
evaluated in the experiment. Although this work provides

some useful findings and practical implications for pHRI
design on an admittance device, it remains preliminary. In
addition, all haptic interactions in the presented results
were performed by a HO. While this offers the advan-
tage of reflecting real-world pHRI scenarios, and although
each testing condition was repeated multiple times with
consistent system performance observed, such a design
still introduced some deviations in the HO’s behaviour
across trials. Future work could include evaluating more
velocity processing methods and passivity controllers, as
well as replacing the HO with physical stiff objects for
more systematic and quantitative investigations.
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