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Impact of active vs. passive robot behavior on task efficiency in
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Abstract—Advancements in physical Human-Robot Interac-
tion (pHRI) aim to achieve natural and efficient collaboration
between humans and robots, especially in dynamic environments
where task performance is essential. This study focuses on co-
manipulative human-robot joint activities, exploring key compo-
nents of performance and synchronization. The primary objective
was to design an active control technique for the iCub robot’s
arms that enhances task efficiency with a distinct approach than
traditional force feedback controls. Comparing an iCub’s passive
behavior with the designed active one has registered an increase
in its contribution, given through adaptive velocity and mimicry,
and showcasing its ability to respond dynamically to changes
in human actions. Furthermore, a measurement of the exertion
applied by the counterparts revealed that the active behavior
required greater energy consumption to reach those levels of
synchronization and performance. These results highlight the
implications of balancing active behavior with effort intensity
to achieve task efficiency in pHRIs.

Index Terms—Human-Robot Collaboration, Humanoid Robot
Systems, Cooperating Robots.

I. INTRODUCTION

PROGRESS in physical Human-Robot Interaction (pHRI)
technology has focused on creating and deploying robots
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that can engage in efficient and natural collaboration with hu-
mans [1]. A crucial aspect of these interactions is to achieve a
state of togetherness and coordination, similar to the synchro-
nization observed between human peers in collaborative tasks
[2]. Such synchronization is enhanced through mimicry, which
smooths interactions and fosters mutual liking between human
partners [3] and between human-robot couples [4]. Another
parameter to be considered is the performance of the task, an
essential indicator of the effectiveness of joint actions. Task
performance is influenced by factors such as coupling stiffness
and the skills of human and robotic partners [5]. The stiffness
of the coupling, in particular, plays a key role in the quality
of haptic feedback, affecting overall task performance. In fact,
high coupling stiffness can improve precision and stability [6],
while robot adaptability to human partner skills can lead to
more intuitive and flawless collaboration [7]. The stiffness in a
robotic agent’s joint is managed by compliance, which enables
the end-effector position to be perturbed at each point of its
trajectory. Different compliance levels can classify different
roles of the robot in the interaction, and prior investigation
shows how role exchanging enhances perturbation robustness
during interactions [8] and improves the performance [9].
Moreover, socially aware movements by the robotic agent can
significantly improve the quality of the interaction [10]; thus,
active behavior can lead to greater participation of the human
partner [11].

In previous research, a joint sawing action performed
through a non-rigid interface (e.g., a flexible wire) has been
proposed to study collaborative interactions with the iCub
robot. In particular, how engaging in joint actions might
affect human visuospatial attention by redirecting it toward
the robot’s hand [12]. During that coordinative activity, the
robot’s passive behavior adopted the joint position’s control
with fixed stiffness and damping coefficients in the impedance
controller, experimentally determined to ensure safety and
slight adaptation during collaboration. However, users quickly
adapted to the task during an experiment in which such a
demeanor was exerted. The participants also tried to increase
their movement speed, which the iCub robot could not match,
disrupting coordination smoothness. In fact, non-adaptive be-
havior has been studied to lead to a significant reduction in
the rhythm of the performed activity [13]. This highlights the
need for a controller design that facilitates the adaptivity of
the iCub to the pace of the participants, as discussed in [14].

In-depth analysis [15] has identified specific kinematic ele-
ments that are crucial to facilitating the creation of a cyclical
exchange of forces that highlights the collaboration between
the human and the robot, reminiscent of cooperative tasks
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typically performed among human dyads [16]. Those elements
include expanding the range of motion size, enhancing mu-
tual cooperation among peers, and extending the robot hand
trajectory into the human peripersonal space, the immediate
area surrounding the body where objects can be reached and
interacted with. This space is crucial for predicting human
movements and ensuring safe, natural collaboration. This
approach is intended to improve task efficiency by enabling
smoother, more synchronized interactions [17].

Furthermore, it has been shown how robot adaptability,
especially in collaborative physical tasks, significantly im-
pacts how the robotic agent is perceived and relied on [18],
[19]. Some studies have already involved variability of motor
stiffness in cooperation with unpredictable human responses.
Still, they were more focused on manipulations concerning
physics contacts with the robotic limb or end-effector [20],
while the case study involved in our research implies a non-
rigid tool (e.g., a flexible wire) to interface the partners. In
pHRI, force feedback is typically required for this process.
However, humanoid robots like the iCub, which use motorized
cables to actuate their joints, are challenging to control using
force feedback due to the compliance and non-linearities
introduced by the cable-driven actuation system [21]. Besides,
the calculations involved in this technique are computationally
expensive, which makes real-time control even more difficult
[22]. Indeed, even if there have been designed algorithms for
external forces feedback as in [23], the high number of sensors
and the complexity required are evident. Furthermore, ensuring
that the robot can adapt to the timing of human actions, re-
gardless of the viewing perspective, is fundamental to optimal
interaction. In addition, recent advances have shown promising
results in view-invariant robot adaptation to human action
timing, essential for maintaining synchrony in joint tasks [24].
Moreover, drawing on insights from musculoskeletal modeling
for gait analysis, using signal energy [25] as a measure of
adaptation could provide a quantitative way to evaluate how
efficiently the robotic system adapts to human input without
deviating from the natural flow of interaction [26]. This metric
highlights the robot’s ability to respond dynamically to human
movements.

By addressing the limitations of non-adaptive behaviors
and emphasizing the importance of compliance and social
awareness in robots, this research focuses on developing a
control strategy that better mimics human-like interactions,
improving the effectiveness and naturalness of the physical
collaborative sawing activity studied. The control strategy
should prioritize algorithms that do not rely on force signals
[27] to assess scalable real-world HRI systems. This approach
should have to ensure efficient, responsive interactions without
highly compromising the system’s performance in practical
scenarios [28].

II. DESIGN AND METHODS

This chapter of our manuscript presents an adaptive control
technique that dynamically adjusts impedance coefficients.
The main focus is to influence the iCub’s movement velocity.
The controller integrates kinematic adjustments, compliance

modulation, and real-time feedback, with key components
related to movement phase transitions and motion synchro-
nization. Moreover, the data analysis will concentrate on
kinematic signals and soap indentation to evaluate interaction
dynamics and task performance. Further, jerk energy has been
used to quantify adaptation effort, distinguishing passive and
active behaviors. The results will indicate whether our design
achieves higher efficiency than a passive control method in
executing a specific pHRI task.

Moreover, before exploring the design and the methods,
it is important to define that in the specific context of our
manuscript, the terms active and passive behavior assume a
specific definition. The passive behavior is represented by a
compliant controller that regulates the iCub’s arm movement,
but with a fixed trajectory and velocity concerning the human
participant’s actions. In contrast, the active behavior is defined
by our novel approach, which, unlike the passive case, can
respond to human stimuli and adjust the velocity of the iCub’s
arm movements.

A. Participants

The required number of participants was determined through
an a priori power analysis on the passive session task efficiency
data for a Wilcoxon-Mann-Whitney test, assuming its similar
non-normal distribution even for the active session. With an
effect size of 0.8, α = 0.05, and power = 0.8, the analysis
indicated 21 participants per group. Given the designed active
controller’s response to human stimuli, we expected a large
effect size. Finally, to ensure robustness against acquisition
errors and robot misbehavior, we increased the sample size
aligning it with the passive session.

Thirty right-handed people participated in the study (12
females, 18 males; mean age = 25.30 y.o.; std = 3.58 y.o.). All
participants were naive to the purpose of the study. The Re-
gional Ethics Committee (Protocol: IIT INT HRI) approved
the experimental protocol and all participants provided their
written informed consent prior to starting the experiment.

B. Apparatus

The experimental setup, shown in Figure 1, included the
humanoid robot iCub, a steel wire with two handles, and a
new soap bar for each participant supported in the middle of
the peers during the duration of the task. The soap bars were
equal for all the participants and identical to the one used in the
passive behavior experiment. Half of the participants used the
right hand, while the other half used the left hand to avoid the
possible effects of using the dominant hand. The experimental
session lasted four minutes, as suggested by human-human
literature [29], during which participants and the experimenter
could not interact. Every participant could perform only one
experimental session without prior practice, and their unique
objective was to collaborate with the iCub to maximize the
soap cut.

C. Procedure

The experiment entails a human-robot dyad engaged in a
collaborative physical joint task, specifically a sawing activity.
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Fig. 1. Collaborative sawing task in pHRI. The experiment features a
human-robot dyad engaged in a collaborative sawing task using a flexible steel
wire to cut through a soft object, like a soap bar. Each participant alternately
pulls the wire, necessitating synchronized movements and frequent adaptations
in their coordination to maximize the cut depth.

Using a flexible steel wire, the participant and the robot work
together to cut a soft object (e.g., a soap bar). Each party holds
one handle of the wire, which requires coordination between
the partners pulling in turns to maximize the indentation
through the soap. A repetitive task in a physical collaboration,
such as this one, leads to frequent changes and mutual adapta-
tions in motion (e.g., the velocity of the movement, the spatial
distance traveled, etc.). Thus, the robot iCub autonomously
selects the appropriate timing for its action, adapting its motor
control system to the human partner‘s motor behavior. These
changes are defined as dynamic instants, specifically referring
to the change in the pulling phase between the human and
the robot, indicated by a change in the direction of motion.
This definition slightly differs from previous work [30], where
these changes were defined in their temporal dynamics and
exploited by observing variations in velocity, acceleration, and
direction of motion (marked by null velocity). In addition,
the term baseline will be found during the explanation of the
experiment and data analysis to describe the output collected
when the iCub performs the task alone, executing the cutting
action movements without any external interference or stimuli.
These data are useful for tracing differences between the
default movements and trajectories handled, and those affected
by the participant’s action.

D. Controlling technique

The proposed control technique aims to facilitate natural and
intuitive collaboration without neglecting task performance.
Such a procedure dynamically adjusts the impedance con-
troller coefficients based on real-time feedback. Therefore, the
active behavior involves a mimic role responsive to human
stimuli, modifying the impedance control coefficient upon
receiving feedback. The compliance modality, integral to the
impedance controller, includes three levels: soft, medium, and
hard, as suggested by the iCub’s software.

Figure 2 shows the specific kinematic elements crucial to
facilitating the creation of a cyclical exchange of forces. More
specifically, figure 2a shows the adjustment of the default
endpoint H to point H* moving toward the human direction.
In addition, Figure 2b illustrates the point R*, which aims to
approach the baseline R as closely as possible to maximize
the range of motion (ROM) of the iCub hand. For both those
elements to be considered valid, the measured values shall
surpass a predefined threshold greater than zero. Moreover, the
trajectory’s relative velocity emerged as a promising variable
for feedback in the controller design. This metric, which
represents the ratio of the iCub’s hand movement from point R
to point H relative to the time taken, requires evaluation during
the participant’s phase. However, such a feedback approach
introduces several critical points that require further analysis:

1) the presence of compliance yields lower steadiness in
position reaching;

2) phase status should be evaluated in terms of both time
and position;

3) the iCub’s contribution to task efficiency needs to be
increased.

We selected soft and medium compliance levels as the con-
troller definition boundaries for changes to address the first
point. Initially, the experiment used time control to differenti-
ate the pulling phases, which caused unwanted pauses between
the human and robot phases. To address this issue, a spatial
reference, evaluated as a semi-sphere centered in point H, is
used to signify the end of the human phase and the beginning
of the iCub’s pulling phase.

We considered the force exchange during a human dyad
dynamic instant to address the second point. In this instant,
one partner gradually releases force in human couples while
the other increases it, following coordination timing. Hence,
after reaching the semi-sphere, the compliance coefficient
increases linearly starting from soft (see Formula 1). This
change prompts the participant to reduce their force, and when
the velocity approaches zero, the iCub starts its pulling phase.
The hypothesis is that the participant will perceive the iCub’s
force increment as automatic coordination. Such a procedure
is termed as Dynamic Instant Manager. The force increment
enhances the robot’s contribution to the task, addressing the
third point. Such an increment’s step size has to be configured
experimentally to balance coordination naturalness. It shall be
noticed that the radius of the semi-sphere around H has a
fixed value equal to Ay · (105% − 55%). The constraint was
established through experimental testing.

(1)

aCi = aCi + (mCi − sCi) · complianceStep

s.t.

{
complianceStep = 1.45− A∗

y

Ay
, 0.55 <

A∗
y

Ay
< 1.05

complianceStep = 1, otherwise

where aCi, mCi and sCi are respectively the actual,
medium, and soft compliance constants values;
Ay and A∗

y are the baseline and the actual
position y-axis components.
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(a) (b)
Fig. 2. Trajectory perturbation and positional deviations in the collaborative pHRI sawing task. The robot controls its hand movement between fixed
points H and R (dotted lines in the figure). Due to the compliance in the robot’s joints, coordination between peers leads to deviations from the predefined
ideal positions, resulting in the measured positions H* and R*. Previous studies have shown that increasing trajectory deviations can facilitate collaboration’s
force exchange. (a) The perturbation of the trajectory toward the human’s peripersonal space (from H to H*, shown by the red point). (b) A similar positional
deviation occurs during the robot’s pulling phase (from R to R*, shown by the blue point).

Afterward, the iCub’s wire-pulling action must match the
human peer’s velocity to achieve the mimic effect, where
a mutual collaboration due to spontaneous behavior arises
from the interaction and is the key driver of synchronization,
as there is neither a leader nor a follower. Given the non-
solid interface connecting the participants (e.g., the flexible
wire), a form of negotiation is necessary to achieve proper
synchronization to maintain wire tension and generate friction
to facilitate cutting. This condition was met by adjusting the
damping and stiffness coefficients in Hooke’s law [31]. The
velocity of the iCub was measured, and the difference from
the human’s relative velocity was used as feedback for the
controller. The feedback collection frequency was 100 Hz.
This procedure evaluated using the formula 2 is referred to
as the Velocity Controller.

(2)

aCi = aCi + (mCi − sCi) · updateRate · ⌊vrH − vrR
vtoll

⌋

where updateRate is the step of the stiffness and
damping;
vtoll is the experimentally chosen tolerance un-
derneath which no correction is made;
vrH and vrR are the relative velocities of human
and robot phase.

When the iCub’s pulling phase approaches the final critical
point, the compliance level affects whether the robot reaches a
position near the baseline point (R) or earlier (R*). To manage
this, a dynamic tolerance sphere around R adjusts its radius
based on the compliance level (e.g., softer compliance results
in a larger sphere radius). Until the iCub reaches this sphere,
it will decrease the applied force, prompting the human to
increase his force and start his pulling phase, thus restarting the
cycle. The concept of the error sphere is illustrated in Figure
3a and is sufficient for complete feedback control in position.

The control algorithm was finalized by managing the arm’s
position in Cartesian coordinates. The arm was set at a fixed
angle of 35◦ relative to the horizontal axis, based on the robot’s
reference frame located in its torso. This adjustment aimed
to mirror the movements of human partners observed during
interactions. This detail represents the Trajectory Planner
block, enhancing the iCub’s contribution to the task.

In conclusion, Figure 3b summarizes the design of the
controller algorithm. The Trajectory Planner and Dynamic
Instant Manager are a direct result of the experimental de-
sign, playing a crucial role in enhancing both the efficiency of
the task and human participation in the collaborative process.
The core of the controller is the velocity controller, which
modulates the velocity and, by extension, the interaction force
through the stiffness and damping parameters. This ensures
smooth and coordinated motion by regulating the step response
of the relative velocity during the human phase.

E. Data Analysis

The analyses in this research focus on multiple techniques used
to evaluate the kinematic and physical aspects of the physi-
cal collaborative HRI. The analyses included the kinematic
requirements for the force exchanged between the couple,
the position and velocity signal evaluation to evaluate the
dynamics, soap physical indentation examination to estimate
the exerted contributions, and the jerk signal’s energy mea-
surement to assess the robot’s adaptivity.

Data collection included kinematic signals from the iCub
sensors and physical indentation measured from the soap bars.
The kinematic data consisted of position signals rotated in the
robot’s hand reference frame. Our analyses focused on the
horizontal and vertical components within the plane facing the
iCub, specifically along the segment that connects the desired
trajectory reaching points H and R in space. The collected
signals were filtered to remove white noise and trimmed to
exclude time intervals that exceeded the task duration. Then,
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(a) (b)
Fig. 3. Position tolerance and control schema for iCub’s active behavior. (a) Position control represented by the tolerance spheres. The semi-sphere of H
has a fixed radius and applies force to stop the participant’s hand, marking the transition to the pulling phase. The sphere’s radius for R varies based on the
robot’s compliance level during the pulling phase, with softer compliance resulting in a larger radius. The Ideal Trajectory (yellow dashed line) is perturbed
by the compliance action, resulting in the Real Trajectory (blue line). (b) Control schema implemented for iCub’s active behavior. The original kinematic
model governs joint control through inverse kinematics, generating joint angles for motor controllers and direct kinematics for cartesian feedback. Additional
blocks define the active control strategy: the Dynamic Instant Manager slows down the human hand during the final phase of pulling; the Trajectory
Planner adjusts the cutting angle and joint stiffness when transitioning from human to robot pulling phases; and the Velocity Controller manages the robot’s
pulling phase by varying joint stiffness to replicate the human’s relative velocity.

maximum and minimum peaks corresponding to the measured
trajectory reaching points (H* and R*) were identified from the
position signal to assess their characteristics, such as precise
position, time phase shift, and relative velocity.

The data collected emphasized two main aspects: the com-
parison between passive and active behaviors and the relative
velocity during each pulling phase. This focus on relative ve-
locity is essential for understanding the interaction’s dynamics,
which in turn aids in evaluating task efficiency. In addition,
soap bar indentation areas were measured with a caliper on
a fixed structure and reference frame, with multiple measure-
ments taken to ensure repeatability and reproducibility. The
data encompassed various aspects of the interaction, providing
insight into the pHRI to contribute to task efficiency.

To gain a deeper understanding of this approach, we must
assess the adjustments made between the human and the
robot during their interaction. It is possible to quantify these
adaptations by examining the jerk signal, which represents the
rate of change in acceleration. This signal reflects the effort
required for both the human and the robot to adjust their
velocities and synchronize actions. This coefficient measures
the intensity of effort exerted during the adaptations necessary
to maintain the observed efficiency level, and is evaluated
based on the difference between the velocities of humans and
robots using formula 3.

j(t) =
δ(|vH(t)| − |vR(t)|)2

δ2t
,

where t is the number of phases.
(3)

This calculation quantifies the variation between the two sig-
nals over time, indicating how quickly stability was achieved
and describing the adaptability of the signals. To condense
the time variation into a single coefficient per participant,
following signal processing theory [25], the energy of the
jerk (Ej) was calculated using formula 4. Ej was evaluated
for each experiment during the passive and active behavior
sessions.

Ej =

Nphases∑
n=0

|j(n)|2 (4)

The energy signal undergoes a filtering approach that excludes
the initial participant study phase and the final convergence of
signals. Indeed, those time frames reflect the partners’ gained
experience and coordination over time and shall not be adopted
for the energy evaluation. The possible expected outcomes
could lead to a higher energy requirement, indicating an
adaptation process, or a lower energy requirement, indicating
rapid convergence of one signal. In this study, the low energy
for passive behavior represents a quick accustoming of the
human to the robot’s fixed pace.

III. RESULTS
We used linear regression and independent t-tests for statistical
analysis to compare the results of active and passive behavior.
We excluded two participants from the study due to acquisition
errors in kinematics features. The analyses included twenty-
eight subjects (11 females, 17 males; mean age = 25.28 y.o.;
std = 3.68 years).

The engagement of the parties in the collaborative task
resulted first in a deviation of the position H towards H* of a
mean = 2.23 cm and std = 0.95 cm. Secondly, it expanded
the size range of motion relative to the baseline value of
a mean = 2.28 cm and std = 1.48 cm. The results of the
Independent Samples T-Test confirmed that both coefficients
were significantly greater than zero, with t-values of 8.15
and 12.40, respectively, resulting in p values less than 0.001.
This statistical significance met the requirement criteria for the
analysis, affirming that the range of motion size’s enlargement
and the extension of the robot hand trajectory into the human
peripersonal space satisfied the study requirements. Further-
more, the collected position signal was used to evaluate the
relative velocity for both pulling phases, resulting in a meanH
= 6.76 cm

s and stdH = 1.33 cm
s for the human peer, and a

meanR = 7.29 cm
s and stdR = 1.20 cm

s for the iCub robot.
Figure 4 illustrates an example of the difference between the
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(a) (b)
Fig. 4. Velocity dynamics during the collaborative sawing pHRI. (a) The robot’s phase velocity is fixed in passive behavior, requiring the human participant
to adapt their strategy to match it. The static nature of the robot’s velocity emphasizes adaptability’s importance in achieving better results. (b) As the interaction
progresses, the adaptive behavior of the iCub robot allows the human participant to increase their speed, achieving consistency around their preferred velocity
after approximately half of the interaction time. This adjustment highlights the dynamic nature of human-robot interaction, as the iCub effectively synchronizes
its pace to match its partner’s movements.

velocity signals of the passive and active behaviors. Lastly, the
indentation percentages of soap bars, regarding the material
removed in the area of a soap section, were measured with
mean = 29.28% and std = 23.00%.

The main result relates to the efficiency of the task. In
fact, a linear regression analysis was conducted to examine
the relationship between robot velocity and the amount of
material removed, considering the type of robot demeanor
(active versus passive), as shown in Figure 5a. The model ex-
plained a moderate proportion of the variation in the removed
material (R2 = 0.503). Significant predictors of removed
material included robot velocity and the interaction between
robot velocity and behavior. Specifically, in terms of active
behavior, the robot velocity was positively associated with the
removed material (active behavior: β = 6.10, p < 0.001;
passive behavior: β = −0.678, p = 0.782). The interaction
term between velocity and behavior type was also significant

(β = 6.78, p = 0.012), indicating that the effect of veloc-
ity on material removal differed between active and passive
behaviors. These results suggested that higher velocity leads
to greater task efficiency and is moderated by the type of
demeanor, with a more pronounced result observed under the
active behavior condition. Furthermore, the Mann-Whitney U
Independent Single Tail T-Test confirmed the different distri-
bution of performance in material removal: U(28) = 272.00,
p = 0.025, rrb = 0.306.

However, a question remains: did the people in the adaptive
behavior session truly adapt? This was assessed by examin-
ing the average phase time of the population with the two
behaviors, as shown in Figure 5b. In addition, the jerk energy
coefficient was considered to quantify adaptability. The results
of the jerk energy (passive behavior: mean = 0.006 cm2

s3 , std
= 0.006 cm2

s3 , active behavior: mean = 1.693 cm2

s3 , std = 4.900
cm2

s3 ) are shown in Figure 6, while the independent sample

(a) (b)
Fig. 5. Influence of robot velocity and behavior on task efficiency and synchronization. (a) The impact of robot velocity on task efficiency varies with
the robot’s behavior type. As velocity increases, the active behavior significantly affects the removed material percentage more than the passive behavior.
This result highlights the importance of growing velocity to maximize performance, with the active behavior achieving higher task efficiency at the same
velocity. (b) Distribution of phase times for both peers. The passive behavior (blue dots) maintains a fixed value of around 1.5 s (the iCub’s phase time), while
the active behavior adapts to individual partner preferences. Notice that iCub, with active behavior, adjusts its pace to match the partner’s timing, indicating
improved synchronization and adaptability.
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(a) (b)

Fig. 6. Energy required for the peers to adapt to each other. (a) The energy expenditure in the active case is substantially higher (approximately ten
times greater) than in the passive case. (b) The logarithmic scale of the probability distribution highlights the magnitude difference between the two behaviors.
Specifically, it shows that active behavior spreads energy demand across various high-energy areas, while passive behavior is confined to a narrower, less
energy-intensive range. This distribution pattern enhances adaptability in active behavior, making it particularly effective in situations like adapting to varying
human fatigue levels.

T-test amounts to: t(28) = 205.00, p = 0.002, rrb = 0.477.
These higher energy values in active behavior suggested that
more effort was required to achieve adaptation between human
and robot. Indeed, the passive behavior did not leave room for
adaptation due to the fixed robot behavior, thus, no effort was
needed to reach the synchronization. In support of this result,
the jerk energy measured was much lower than in the active
demeanor. Although such an energy expenditure indicated
that task performance improved during active behavior, it
also highlighted the increased effort needed to sustain this
performance.

IV. DISCUSSION AND FUTURE WORK
This work highlights the critical components of performance in
collaborative physical HRI, studying the dynamic environment
of co-manipulation tasks [14], for different Human-Robot
co-actions [32]. In particular, the principal objective was to
design a control technique that would increase task efficiency
in a joint human-robot sawing task without using a force
feedback control approach. Previous implementations used a
passive control design that enabled collaborative pHRI through
compliance, allowing the robot to accommodate perturbations
along its trajectory. However, this approach had limitations
in activity performance due to its static nature and inabil-
ity to adapt to human stimuli and needs. Thus, a focused
investigation of the outcome of this control technique was
imperative, prompting an analysis of the physical collaborative
action and the development of a control design that not only
maintains the participation of the human partner but also
overcomes a limitation of previous methods. Implementing
an active behavior for the robot successfully demonstrated
the desired dynamics between the human and the robot in
this task, highlighting the essential role of force exchange in
allowing the human to influence the trajectory of the robot. As
the iCub robot transitioned from passive to active behavior, it
increased its contribution to the action through adaptive force
and velocity adjustments, emphasizing its ability to respond

dynamically to human action changes. We showed that the
applied control strategy, which utilized Cartesian impedance
control and adjustments based on Hooke’s law, improved
task efficiency. This method allowed the robot to account for
the human participant’s varying velocities and fatigue levels.
In addition, by measuring the jerk energy, we proved that
active behavior required more energy consumption, which
enhanced performance. This underscores the importance of
balancing effort intensity with task efficiency in human-robot
collaboration.

The main limitation of our current work concerns the tem-
poral dynamics of the robot’s adaptability to human stimuli.
During the initial phase of the step response, the settling
time is difficult to control, even after numerous calibration
tests. This is because the generation of the response to the
step is done with a linear function regulated by an increasing
step variable. The step function to follow generates significant
step differences between two human pulling phases, and the
combination of settling time and overshoot is insufficient to
reach the desired velocity precisely. We pinpoint that this issue
arises because the controller is acting to correct a parameter
indirectly, that is, changing the velocity using the stiffness and
damping coefficients.

The planned future work involves the design of a formula
that can connect the velocity and Hooke’s law coefficients
correctly without affecting the inertia matrices. In fact, mod-
ification of inertia matrices is a technique extensively ex-
plored in the admittance controller of manipulator robots [33]
[34], though still limited in applications for humanoid robots
equipped with precise force/torque (F/T) sensors [35] or even
sensorless [36]. In addition, the dynamic findings shall be
integrated with social factors to enhance human perception
of the robot.

Our study advanced the understanding of human-robot
collaboration by demonstrating how active control strategies
improved the efficiency of co-manipulative tasks. The inte-
gration of adaptive force and velocity adjustments showcased
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an efficient alternative to traditional force-feedback controls.
The findings emphasized adaptability’s significance in physical
human-robot interaction, providing a foundation for further
exploration of dynamic behaviors and their effects on human
perception and task performance in collaborative settings.
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[13] T. Lorenz, A. Mörtl, and S. Hirche, “Movement synchronization fails
during non-adaptive human-robot interaction,” in 2013 8th ACM/IEEE
International Conference on Human-Robot Interaction (HRI). IEEE,
2013, pp. 189–190.

[14] A. Tiozzo, “Exploiting the adaptability of the humanoid robot icub
to personalize a physical human-robot interaction,” Master’s thesis,
Polytechnic of Turin, Turin, 2024.
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