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Abstract

Body motion is an important aspect in human-robot interactions. Giving robots the ability to imitate human mo-
tion can be beneficial for research on robot motion in a variety of applications. Furthermore, such a human-robot
imitation system has the potential to provide a platform to investigate the facilitation of different types of trust in
human-robot interactions. The goal of this paper is to describe the framework of a human-robot imitation system
and investigate the system requirements imposed by different interaction settings. Several applications of imitation
systems are discussed, along with their important characteristics and required features. Furthermore, open chal-
lenges for designing and developing human-robot imitation systems are discussed.
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1 Introduction

Because humans tend to assign social meaning to movements, human body
movement is frequently perceived as expressive, making body motion an im-
portant component in social interactions. This tendency has been demonstrat-
ed in human interactions [Argyle 1975] as well as in situations where humans
observed interactions between inanimate objects (moving geometrical shapes)
[Heider and Simmel 1944]. Within the field of human-robot interaction, robot body
movement and nonverbal behavior have been shown to influence how the robot
is perceived in terms of animacy [Fukuda and Ueda 2010; Rosenthal-von der
Patten et al. 2018], anthropomorphism [Salem et al. 2013], feeling of co-presence
[Kramer et al. 2016], and children’s perceptions of a robot’'s warmth and compe-
tence [Peters et al. 2017].

Body movements designed for robots are often inspired by human body move-
ments. It has been demonstrated that people prefer to interact with robots that
exhibit human-like behavior over robots that exhibit machine-like behavior [Park
et al. 2011]. Furthermore, when it comes to the dynamics of human-robot in-
teractions, research has shown that people are more likely to coordinate their
movement when interacting with a humanoid robot rather than a mechanical one
[Chaminade et al. 2005] and when the motion is human-like rather than ma-
chine-like [Chaminade et al. 2008]. The dynamical feature of movement coordi-
nation is an important aspect of social interactions because it influences whether
the interaction is perceived negatively or positively, which has a direct impact on
the efficiency and stability of the interaction [Burgoon et al. 1995; Schmidt et al.
2012].
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Human body movements are categorized with respect to their expressiveness
by [Karg et al. 2013] as communicative, when they express or convey a message,
functional, when they are used to accomplish a particular task, artistic, when they
express a message in an exaggerated manner or when they are described as
unfamiliar when compared to daily movements, or abstract, when they neither
express a message nor serve a functional purpose. In the field of human-robot
interaction, imitation, which is described as the ability of a robot to replicate hu-
man movement [Schaal 1999], serves as a promising tool to generate human-like
movements. In principle, imitation systems provide a method to design and de-
velop robotic body movements in any of the aforementioned categories of human
movement. As a result, human-robot imitation systems can be used as an inter-
actional framework to study body motion in human-robot interactions.

Furthermore, depending on the interaction setting for the system’s intended
application, human-robot imitation systems have the potential to provide a plat-
form for studying different types of trust. There are two types of trust which would
be applicable in this context, (1) interpersonal trust, which describes trust in so-
cial interactions based on the relationship that develops among the interactants
[Ogawa et al. 2019], and (2) reliance trust, which is based on the belief that the
robot will function as expected [Coeckelbergh 2012]. As a result, interpersonal
trust can be studied in systems designed for social interactions, and reliance
trust can be studied in systems designed for cooperative interactions. Using the
system in various interaction settings may also allow for a comparison between
these two different types of trust that can be facilitated in human-robot interac-
tions.

The work presented here aims to propose an approach for the design and de-
velopment of a human-robot imitation system with an intended application in mind.
The main contribution is describing a framework for the design, development and
evaluation of a human-robot imitation system. A second contribution is extending
several existing applications of imitation systems, such as teleoperation and im-
itation learning, to also account for aspects such as interpersonal coordination,
movement data collection, and exploration of body movements. In this context,
we also include applications in the performing arts, which are not a very common
point of interest in the field of robotics research. Finally, as a third contribution,
a link between the envisioned applications and the system requirements of the
proposed framework is established, which could aid the development process of
future imitation systems. The paper is structured as follows. First, we describe
the framework of a human-robot imitation system (Section 2), then we identify
the application-dependent requirements of such a system for several potential
applications (Section 3), followed by a discussion of open challenges (Section 4),
and finally we provide a general conclusion (Section 5).
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2 Framework of a Human-Robot Imitation System

Alissandrakis et al. [Alissandrakis et al. 2002] describe an agent-based perspec-
tive on the design of an imitation system that addresses five central questions:
who, when, what, how to imitate, and how to evaluate the quality of imitation. The
question of who to imitate refers to figuring out how to allow the robot to choose
which interactant to imitate, especially in the case of multiple interactants. When
to imitate refers to the times the robot needs to imitate and which movements
within a behavior need to be imitated by the robot. Next, the system should con-
sider what to imitate as part of an observed behavior, such as states, actions,
and so on. How to imitate addresses the issue of mapping behavior from human
embodiment to robotic embodiment. Finally, the question of how to evaluate the
imitation is about finding a suitable metric to evaluate the similarity between the
demonstrated and the resulting imitated behavior. Each of these questions has
challenges and specific requirements depending on how the imitation system is
intended to be used.

Such an agent-based approach is typically considered in the case of autono-
mous robots and aims to provide an approach independent of the robotic platform
and the imitation task. In contrast, we argue in our work that the robotic platform,
imitation task and system application all play an important role in the design and
development process of a human-robot imitation system. Moreover, the majority
of imitation systems considered in the literature are primarily aimed at applica-
tions of imitation learning or teleoperation. As opposed to that, in our research we
extend the possible applications of an imitation system for humanoid robots and
their usage scenarios while we lay out the framework of an imitation system from
a developmental perspective.

The proposed framework for a human-robot imitation system is divided into
three main components: (1) an intended application of the system, (2) a technical
implementation with considerations based on the intended application, and (3) a
suitable evaluation method based on the distinctive features of the imitation type.
A flowchart of the suggested components for a human-robot imitation system is
shown in Figure 1.

Because different interaction settings and tasks will have different system re-
quirements, the intended application is one of the system’s key components,
making the technical implementation and method of evaluation application-de-
pendent. Within the technical implementation, there are two important sub-com-
ponents: (2.1) a means to sense human motion, and (2.2) a method that trans-
lates the observed human motion into robot motion (also shown in Figure 1).
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if evaluation results are unsatisfactory

Intended Technical Suitable
application implementation evaluation

Translation of
human motion into
robot motion

Human motion
sensing

Figure 1 Flowchart showing the components of a human-robot imitation
system

These two components are necessary in order to allow the robot to imitate hu-
man motion, and the choice of each of the components will affect the overall
system performance. After the system has been implemented, a suitable evalu-
ation should be carried out, which would be dependent on the specified system
requirements and the distinctive features of the imitation type. Once the evalua-
tion has been performed, depending on the results, certain improvements to the
imitation system might be necessary, leading the development of such a system
to undergo another cycle of (refined) technical implementation and evaluation.
The subsections that follow go into greater detail about each of the components.

2.1. Intended Application

The first thing to consider when designing and developing a human-robot imita-
tion system is the intended application. The importance of the application in the
development of an imitation system has less to do with the end-goal and more
to do with the interaction setting, which can be more interpersonal (e.g., mirror-
ing) or more cooperative (e.g., teleoperation). The interaction setting is import-
ant because of the specific requirements that are required in various application
contexts, which would define the necessary distinctive features of the imitation
system. Some applications have stricter requirements while others provide more
room for exploration. Additionally, the application also determines which methods
are suitable candidates for system evaluation.

The potential applications of human-robot imitation systems vary depending
on the interaction setting and the goal to be achieved with the imitation. Exam-
ples of such applications include imitation learning [Calinon and Billard 2007],
teleoperation [Zuher and Romero 2012], interpersonal coordination (mirroring
and synchrony) in social interactions [Hasumoto et al. 2020; Alibeigi et al. 2017],
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movement data collection for interactive scenarios and expressive behavior (e.g.,
building datasets for nonverbal behavior), exploration of body movements, and
the performing arts [Nakazawa et al. 2002]. Section 3 delves deeper into each
of these applications in terms of technical requirements and important system
evaluation features.

2.2. Technical Implementation

Following the selection of an application, the next step is to define the interaction
settings, which will influence the method of human motion sensing in terms of
joint positions, as well as the translation of human motion into robot motion in
terms of converting joint positions to joint angles. The latter is required because
the motor commands for robots are usually specified in terms of joint angles. In
addition, to make the conversion from joint positions to joint angles feasible, the
human joint positions need to be derived and processed in 3D space. The two
most common methods for detecting 3D human joint positions are the use of mo-
tion capture systems such as Vicon' and the use computer vision algorithms for
human pose estimation. Motion capture systems include camera based systems
which comprise markers, attached to specific body parts (e.g., joints), and multi-
ple cameras to track the markers and provide their positions in 3D space, or sys-
tems based on inertia sensors positioned on body parts without the need for ex-
ternal cameras. Computer vision algorithms are markerless pose estimators and
provide joint positions directly in 3D space, such as the Kinect skeleton tracking
module [Shotton et al. 2011], or estimate the 3D joint position from 2D body pose
estimation [Mehta et al. 2017], or provide joint positions in the 2D camera space
[Cao et al. 2019], which can then be used in combination with a depth-sensing
camera to get the joints in 3D space (e.g., [Zabala et al. 2020]).

When choosing a method for sensing human motion it is important to consider
the application scenario, which may impose different system requirements for
obtaining the 3D human joint position data (depth-sensing camera, motion cap-
ture setups, or other means of sensing). The choice of method for motion sensing
also includes the choice between usually more accurate sensing of 3D human
joint positions in the case of motion capture systems, or allowing the human to
move more freely in the case of using computer vision algorithms for human pose
estimation.

Next, a model for converting joint positions to joint angles should be selected
according to the system requirements imposed by the imitation goal of the ap-
plication context. The imitation goal affects on the choice of the imitation type,
which is closely connected to the method of system evaluation. The imitation

1 https://www.vicon.com/
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type can aim to preserve the position of the end-effector with respect to the body
[Zuher and Romero 2012], the pose for achieving body pose matching [Stoeva
et al. 2021], or both [Alibeigi et al. 2017]. The choice of a model will depend on
the imitation type but also the system’s efficiency and allowed time for a delay in
the imitated movement often need to be considered. The temporal aspect varies
from aiming for real-time, to a specific tolerable time delay which can be further
relaxed for offline applications.

Different approaches can be found for the model used to translate 3D human
joint positions into robot joint angles. In the fields of robotics and mechanics,
there are two main kinematic equations used for translating between 3D positions
and angles: forward kinematics, which is the calculation of the 3D (end-effector)
position given the joint angles, and inverse kinematics, which is the calculation
of the joint angles given the 3D position. Methods for calculating the robot’s joint
angles based on the inverse kinematics include analytic and numeric solutions
[Lynch and Park 2017; Craig 2005]. Numerical approaches are usually based
on iterative algorithms that try to solve the inverse kinematics as an optimization
problem (e.g., using the Jacobian). Analytical solutions, on the other hand, are
usually approached in two ways, using geometry to find the angle between the
links connecting two joints, or using algebra to express the angles in equations
derived from forward kinematics. Both analytical and numerical approaches have
advantages and disadvantages. For instance, numerical solutions are oftentimes
much slower due to their inherent iterative nature and are highly dependent on
the initial guess of joint angles. In contrast, even though analytical approaches
provide closed-form solutions, it could be that they are too complex to manipulate
into solvable equations. After choosing a suitable mode, the technical system can
be considered complete and consists of two modules (2.1) a method for sensing
human motion and (2.2) a model for translating this motion to a robotic platform,
as depicted in Figure 1.

2.3. Suitable Evaluation

The next step in system design and development is to adequately choose a
suitable method of evaluating the imitation system. Depending on the modules
chosen during the implementation phase, it may be necessary to evaluate the
accuracy of each module separately, before evaluating the full imitation system.
For example, one approach is to evaluate the chosen model that translates the
movements on how accurately it estimates joint angles from joint positions.

The first thing to consider for the full imitation system evaluation is the distinc-
tive features of the imitation type, which are most commonly either the accuracy
of the end-effector position with respect to the body, the body pose similarity

112



Design, Requirements, and Challenges of a Human-Robot Imitation System

between the human pose and the imitated robotic pose, or both. The second
factor to consider (if applicable) is the computational effort or time delay, which is
the amount of time it takes for the imitation system to capture the human motion,
translate it to robot motion, and send it to the robot as a motion command.

The evaluation methods can include quantitative, qualitative, a mix of both
quantitative and qualitative, and subjective measurements. Quantitative mea-
surements usually include the computation of the cosine similarity for the angular
configuration of the pose [Guo et al. 2019; Zhang et al. 2018; Alibeigi et al. 2017],
the mean squared error of the targeted versus actual joint positions [Guo et al.
2019; Zhang et al. 2018; Alibeigi et al. 2017], and the computation effort [Koene-
mann et al. 2014]. Qualitative measurements, on the other hand, usually include
trajectory plotting of the X, Y and Z axis of the end-effector [Hirschmanner et al.
2019; Alibeigi et al. 2017; Mukherjee et al. 2015], plotting of the total error over
time [Zhang et al. 2016; Koenemann et al. 2014], visual images, usually of motion
sequences or specific postures, of the human posture and the robot exhibiting the
imitated posture side by side [Guo et al. 2019; Zhang et al. 2018; Alibeigi et al.
2017; Zhang et al. 2016; Kim et al. 2016; Mukherjee et al. 2015; Ou et al. 2015].
Subjective measurements are typically based on user studies in which partici-
pants are asked to rate the quality of imitation by showing images or videos of
the actual and imitated movement [Zuher and Romero 2012]. Depending on the
intended application of the system and the imitation type, a suitable evaluation
should be designed and performed. A good practice in evaluations of systems is
to combine several methods of evaluation.

3 Application-dependent Requirements

As mentioned in the previous section, the development of a human-robot imita-
tion system is highly dependent on the interaction settings of the system’s ap-
plication. Table 1 shows some of the potential applications for imitation systems
with their system requirements, such as the methods of human motion sensing,
the imitation type, the time delay between the performed and imitated movement,
the evaluation features important for the evaluation process, and the frust type
that can be facilitated and studied. In Table 1, the abbreviation “CV” stands for
computer vision in the human motion sensing column, while in the imitation type
column, “task-dependent” indicates that the choice of imitation depends on the
targeted task, “both” stands for a compromise of preserving the end-effector po-
sition and body pose matching, and “any” stands for preserving any of the three
imitation types explained in Subsection 2.2. The following subsections look into
each of the suggested applications in relation to the aforementioned system re-
quirements in the context of the interaction setting.
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Applications Human mo- Imitation | Time Evaluation Trust type
PP tion sensing | type delay features yp
end-effector

. CV algorithms, position, body .

Teleoperation motion capture both no delay pose similari- reliance
ty, time delay
Imitation CV algorithms, | task- imitation ,
| . ti i d d no delay | feature, reliance
earning motion capture | dependent time delay
fromno | body pose .
lnterggrs;?nal CV algorithms bodtyhpose to 5s similarity, |nter[|)er-
coordination matching delay time delay sona
Movement CV algorithms, | body pose . bpd_y pose .
data collec- ti t tchi flexible similarity, reliance
tion motion capture | matching time delay
Exploration of interper-
body move- CV algorithms | any no delay | open P
sonal
ments
Performing CV algorithms, . reliance, in-
. any flexible open

arts motion capture terpersonal

Table 1 Potential applications of human-robot imitation systems with their sys-
tem requirements and characteristics

3.1. Teleoperation

In situations in which the human operator cannot be physically present or in dan-
gerous environments such as search and rescue, the method of robot teleoper-
ation is envisioned as a possible approach [Penco et al. 2019; Koenemann et al.
2014; Stanton et al. 2012]. Due to the necessity of exact mapping of the human
motion to the robot and the required high accuracy of the end-effector position
with respect to the human body, an imitation system targeting teleoperation re-
quires a high level of human motion sensing accuracy. For this application, a
motion capture system usually provides more accurate readings than the use
of available computer vision methods for the estimation of human pose. Motion
capture often requires a specific interaction setting that typically includes several
sensors or markers that need to be positioned on the human body, resulting in
less spatial freedom and possibly discomfort for the interactant. This may not be
an issue if the human and the robot are not interacting with each other face-to-
face, which is usually the case for teleoperation. On the other hand, the accuracy
of the involved human pose estimation algorithm has a significant impact on im-
itation performance when using computer vision methods. If computer vision is
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the preferred method due to specific task requirements, the accuracy of the pose
estimation algorithm can be evaluated using motion capture data as a reference.
Since the idea behind robot teleoperation is for the human to be embodied in the
robotic platform, the imitation type should preserve both end-effector position
and body pose matching. The imitation should be performed with no time delay
to allow for smooth control and quick feedback when controlling the robot. Thus,
when evaluating an imitation system for teleoperation, the most important consid-
erations for the evaluation features are end-effector position accuracy, body pose
similarity metrics, and time delay. The type of frust that can typically be facilitated
in this application is system reliance. For example, examining different types of
teleoperation control and their influence on the trust of the system [Saeidi et al.
2017] or how different time delays affect the facilitated trust in the system [Rogers
et al. 2017]. Ideally, for providing additional information to the human controller
in order to ease the process of teleoperation, the imitation system should also
include a virtual reality headset (e.g., [Hirschmanner et al. 2019]) and haptic force
feedback (e.g., [Saeidi et al. 2017]).

3.2. Imitation Learning

The concept of using imitation learning (also known as learning from demon-
stration or programming by demonstration) as a method of teaching a robot to
perform certain actions or behaviors stems from social learning in human interac-
tions [Nehaniv and Dautenhahn 2007]. Researchers believe that robots capable
of reproducing human movement could have advantages not only in allowing
experts and non-experts to program behaviors for robots, but also as a means
to better understanding of the concept of social learning [Breazeal and Scas-
sellati 2002]. In an interaction setting where a robot needs to observe a human
and learn specific behaviors, the important challenges to consider are how to
successfully transfer the movement from the human to the robotic platform and
which parts of the movement need to be reproduced. For such interaction set-
tings, the use of motion capture or computer vision algorithms for human pose
estimation is a common choice [Argall et al. 2009; Lee 2017]. However, to en-
sure that the required accuracy for imitation learning is met, both methods of
human motion sensing should be evaluated in terms of achievable joint position
accuracy. Because the interactant usually teaches the robot how to interact with
the environment, in the context of imitation learning, the imitation type should
usually preserve the position of the end-effector. However, in certain situations,
depending on the task or behavior that needs to be imitated, it could be that both
the end-effector position and body pose need to be maintained. Consequently,
the choice of imitation type will depend on the task that needs to be completed
or learned by the robot. In addition, the imitation should not have a noticeable
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time delay between the interactant’s demonstrated behavior and the imitated be-
havior by the robot. Similarly to teleoperation, the delay between the original and
imitated motion is important for synchronized robot control. When controlling the
robot to perform a particular task, immediate visual feedback is required when
the motion needs to be corrected in appropriate time. This is especially important
for novice users, and perhaps less so for experienced interactants as they may
be able to adjust to how the system works more easily. The evaluation features
that need to be considered for this application context should include methods for
evaluating the accuracy of the imitation type and measurement of the time delay.
As for the concept of frust, an imitation system for imitation learning can provide a
platform for studying reliance trust, where the interactant would evaluate whether
the system works as expected in both short and long term interactions. Another
approach to studying trust in such systems is to investigate different methods of
providing explanation about robot behavior and its effect on the facilitated trust in
the system [Edmonds et al. 2019].

3.3. Interpersonal Coordination

When interacting socially with a robot, it is important for the interaction to be intu-
itive and smooth, meaning that both the human and the robot mutually influence
and adapt to each other’s behaviors. Interpersonal coordination, which includes
mirroring and synchrony, is a phenomenon observed in human interactions as
patterns that contribute to movement coordination and adaptation among inter-
actants [Burgoon et al. 1995]. For human motion sensing, given the spatial re-
striction imposed by motion capture systems and the use of wearable markers or
sensors, it might be preferable for interpersonal communication involving face-to-
face interaction to rely on computer vision methods. This way, the interactant does
not have to pay attention to the sensors/markers and will feel more comfortable
to move and interact freely. Ideally, an internal (built-in) camera would be used,
as no additional external equipment would be required. However, depending on
where it is placed on the robot, the use of an internal camera has the potential
to introduce further restrictions. Often cameras are positioned on a movable ro-
bot body part, for instance, the robot Pepper? has a depth camera placed in its
head at the location of its ‘eyes’. This can cause instability of the camera stream
and, as a result, interfere with the data when the robot moves its head and per-
ceives at the same time. When mirroring human motion, the system’s imitation
type should preserve body pose matching with the least amount of time delay.
Compared to imitation learning and teleoperation, where the control of the robot
requires no delay, for interpersonal coordination, the requirements on the mirror-

2 https://www.softbankrobotics.com/emeal/en/pepper
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ing behavior are more relaxed allowing for the time delay to range from no delay
to 5 seconds. This time range comes from research in human interaction [Sato
and Yoshikawa 2007; Louwerse et al. 2012], and it has also been investigated
in human-robot interactions [Shimada et al. 2008]. Another significant difference
from the applications of teleoperation and imitation learning is the complexity of
interpersonal coordination within social interactions. In this case, the question
of which body parts and when they should be imitated would need a greater
consideration compared to imitation learning and teleoperation. The evaluation
features for an interpersonal coordination system should use body pose similarity
metrics and measurements of the time delay. Additionally, a user study can be
designed to address the subjectivity of the perceived pose, which may include a
collection of body pose similarity ratings as it was done in [V. Tuyen et al. 2018;
Zuher and Romero 2012]. As interpersonal coordination usually manifests itself in
social interactions, it provides a platform to study interpersonal trust, for instance
how mirroring and synchrony behaviors affect the facilitated trust between the
human and the robot. It is also important to note that privacy concerns arise in
the context of social interactions. People who interact with the robot should be
aware of any possible further usage of their data collected during the interaction.

3.4. Movement Data Collection

Translating human movement into robot movement is useful for designing and
implementing body movements for interactive scenarios and expressive behavior
for robots, especially nonverbal behavior. The ability to convert human motion
into robot motion serves as a bridge and as a means for building datasets [Lee
2017] or potentially as a way to design expressive behavior for the targeted ro-
botic platform [Fischer 2021; V. Tuyen et al. 2018; Liu et al. 2012; Haring et al.
2011]. The recorded and possibly annotated datasets can then be used to de-
velop methods for recognizing and generating a nonverbal behavior of robots.
Similar to teleoperation and imitation learning, the methods for human motion
sensing can either rely on motion capture systems or computer vision algorithms
for human pose estimation. In the best case scenario, for better recognition ac-
curacy, the method of human motion sensing used to build the dataset should be
the same as the one to be used in the application scenario. In order to generate
human-like body movements, the imitation type in such systems should be body
pose matching, so, as for interpersonal coordination, the evaluation features
should include body pose similarity metrics and user studies. However, unlike
the interaction setting for interpersonal coordination, in this case the interaction
setting would not necessarily require a real-time interaction. Thus, there could be
a more flexible requirement for the time delay between the human movement and
the imitated movement by the robot. However, the evaluation features could also
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include a measurement of the time delay. The observed delay could be a useful
indicator of the overall system performance and allow for comparison with other
imitation systems. The type of trust, in this case, would be system reliance, and
a particularly interesting approach would be to study how the reliance on the sys-
tem can have a feedback effect on the movement of the human being imitated.

3.5. Exploration of Body Movements

An imitation system could be useful for an overall exploration of the way the
robot moves and getting a sense of its movement range, especially for novice
users. Providing an interactive framework for movement exploration that relies
on imitation could aid the interactant in understanding how the robot moves. This
can support the creation of mental models of robotic behaviors and simulations
of their movement capabilities. Furthermore, such a system could, under the su-
pervision of a physical therapist, potentially be used in movement therapy, which
usually consists of movement exercises (e.g., improvisation) designed to explore
the physical capabilities of the human body [Halprin 2003]. Additionally, such a
system can also be used as a way to promote social skills for individuals with
autism spectrum disorder as it has been done in [Vallée et al. 2020; Boucenna
et al. 2014]. For the application of body movement exploration, the person being
imitated should be free to move around in space and interact in an unrestricted
manner. Thus, similarly to interpersonal coordination, for human motion sensing
the use of computer vision algorithms is preferable to motion capture setups.
Because of the interaction setting, it is important that the imitation happens in re-
al-time so that the observing-acting cycle is maintained. Accordingly, there should
be no time delay in the movement imitation. Given the importance of how the
body moves in this application, any of the three imitation types may apply, thus
the evaluation features should be chosen accordingly. For body pose matching,
the important feature for the evaluation would be the body pose similarity met-
rics, for preserving the position of the end-effector it would be the accuracy of the
end-effector position. If the system is to be used in a therapeutic setting, it is also
important to include experts (therapists) in the design and development process
of the imitation system. For the type of trust, as the robot will play the role of an
interactional partner with which an interpersonal trust can be facilitated, a possi-
ble investigation could be the link between trust and the success of movement
therapy or improvement in social skills. Another approach could be to look into a
possible relationship between the length of time spent interacting or moving with
the robot and the facilitated interpersonal trust over time.
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3.6. Performing Arts

A human-robot imitation system seems like an interactive platform that is likely to
be an attractive tool for the performing arts. The reason for this is due to its ability
to facilitate the processes of choreography development and performance prepa-
ration, among other things [Christiansen and Lindelof 2020]. Unlike teleoperation,
imitation learning, and interpersonal coordination, which all have rather specific
interaction setting and requirements, in the case of performing arts the approach
is less restricted and allows for many different requirements to be considered. For
instance, when the interaction setting is exploratory, the application of performing
arts may have flexible requirements, but it can also have very strict requirements,
as in choreographed dance. Therefore, the imitation type in a system with an
envisioned application in performance could be approached in an experimental
way, and the evaluation features would depend on the requirements of the artists
interacting with the system, as well as the performance itself. The choice of a
human motion sensing method would depend on the requirements and vision of
the artist interacting with the system. The possibilities include a motion capture
system or computer vision algorithm. However, it should be considered that per-
formers often move their bodies in unpredictable and unconventional ways, for
instance suddenly falling on the ground with full force. Thus, in those situations
to avoid damaging wearable sensors or markers computer vision methods might
be more favorable. In this case, the time delay between the performed and imi-
tated movement is rather flexible, especially if the interaction setting is explorato-
ry. When the imitation includes some delay, the artist may discovers interesting
movement responses by the robot. Similar to the exploration of body movements
with an imitation system, in the case of performing arts, the imitation type can be
preserving body pose matching, the end-effector position, or both. The imitation
system should be evaluated using evaluation features chosen according to the
imitation type and the artist’s requirements. When developing an imitation system
for a specific artist, or performance preparation, it is important to include the artist
or art director in the design and development process of the system. Regarding
trust, there is potential for both reliance and interpersonal trust to be facilitated in
the case of performance, again depending on the interaction setting.

4 Discussion

Body motion is an important ability that allows for the fulfillment of different types
of actions. Enabling robots to use body motion as a way to communicate and
interact with humans is a promising behavior for a fluid and intuitive HRI. With
the high relevance and increased research interest in nonverbal behavior for the
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design of future robots, it is important to consider which human behaviors are ap-
propriate to adopt to robot behaviors. To allow for such research possibilities, we
propose a framework of a human-robot imitation system in the simplest form that
can serve as a foundation on which more complex behaviors can be developed.
This is partly inspired by the works of [Jordanous 2020] and [Brooks 1991], which
argue for incremental development of robot behavior, where each behavioral lay-
er adds more complexity to the robot’s capabilities.

Human-robot imitation systems have a wide range of applications from which
many different research paths emerge. The future technical development of im-
itation systems highly depends on the advances in motion capture systems and
robotic body design. From a broader perspective, building upon an imitation sys-
tem has the potential to provide platforms for a better understanding of how ar-
tificial agents (robots) and humans exchange movements, how they differ from
human interactions and how they can contribute to our understanding of body
motion. In this spirit, human-robot imitation systems could also provide further
insights into the role body motion has in human interactions.

Even though imitation behavior is a promising skill for social robots, current
and potential future challenges must be considered. For the design and de-
velopment of a human-robot imitation system we have identified several open
challenges. In the following, we look in more detail into these challenges, which
include the accuracy of sensing human motion, the correspondence problem of
mapping the behavior from one body to another morphologically different body,
the characteristics of the imitated motion, the choice of suitable evaluation met-
rics, and some ethical considerations when imitation systems are used in social
interaction settings.

- Accuracy of Human Motion Sensing

One of the challenges that arise when dealing with the requirement of suffi-
ciently accurate imitation of human motion is choosing the appropriate method
for human motion sensing. Due to the different characteristics of the currently
available methods, there will be a trade-off between the availability, comfort
handling and cost-efficiency of non-contact sensors and markerless methods
(typically based on computer vision methods for human pose estimation) on
the one hand, and high accuracy requirements (which are more easily met by
motion capture devices) on the other. This compromise requires careful con-
sideration of what is possible and what is necessary (in the case of special
conditions) to meet the envisioned imitation goal. In addition, computer vision
methods can introduce further challenges such as dealing with ambiguities, for
example if there is more than one person in the camera view.

- Correspondence Problem
Dealing with the physical differences and constraints of robots is another chal-
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lenge in designing and developing a human-robot imitation system. The task of
properly mapping the human motion to the robotic platform has been defined as
the correspondence problem [Nehaniv and Dautenhahn 1998]. A common ap-
proach to facilitate the mapping between dissimilar bodies is the use of human-
oid robots due to their morphology being similar to that of humans (head, arms,
etc.). However, this only partially solves the problem, because humanoid robot
joint usually have different degrees-of-freedom than human joints [Yamane and
Murai 2016]. The physical morphology differences between humans and robots
also creates challenges in different interaction settings. One possible solution
would be to allow the interactant to change the type of imitation within the in-
teraction whenever the interactant finds it necessary. This, of course, could
change as the interactant gains more experience with the robotic platform, but
it would be a useful approach for novice users to try out different imitation types
and explore the capabilities of the robot. In addition, this would allow for a better
understanding of the robot’s imitation capabilities for the human embodying the
robot, as well as a reduction in the difficulty of properly mapping the human to
robot behaviors for the targeted goal of imitation.

Imitated Motion Characteristics

The following two challenges are identified when it comes to the characteristics
of the motion reproduced by the robot, such as motion speed and smoothness.
Many humanoid robots often move at a slower speed than humans, usually be-
cause of safety measures. Thus, if the human demonstrator moves faster than
the robot’s maximum speed there would be two possible options for approach-
ing the speed of the imitated motion. The robot would either aim at imitating all
poses within the motion sequence resulting in a delayed imitated movement,
or skip some poses of the motion sequence to minimize the delay to near re-
al-time imitation. Skipping some poses causes gaps in the imitated movement,
implying that the robot will not reach all of the positions within the motion se-
quence as performed by the human. Second, smooth motion reproduction by
minimizing motion jerkiness is still a feature that is being researched. To meet
this challenge several methods have been proposed, such as pre-processing
the data of the human motion [Luo et al. 2013], or post-processing the convert-
ed data to robot motion [Zhu et al. 2017]. Both pre-processing and post-pro-
cessing the motion data usually includes filters (e.g. Kalman filter) that remove
sensor noise and smooth the motion trajectory. However, finding a suitable
method to smooth the motion trajectory remains an ongoing research topic.

Suitable Evaluation Metrics

Another open challenge that goes hand in hand with the correspondence prob-
lem is how to suitably evaluate an imitation system in terms of the success of
the imitation. So far, there are many inconsistencies in the literature regarding
the methods used to evaluate human-robot imitation systems, making it difficult

121



Darja Stoeva, Margrit Gelautz

to compare systems to each other. One solution would be to provide a com-
prehensive set of evaluation metrics that can be applied selectively based on
the distinctive features of the system, which would include a combination of
quantitative, qualitative, and possibly subjective observational evaluation meth-
ods. In this context, it would also be important to define the imitation type and
identify the aim of the imitation. The imitation goal can be to focus on the motion
itself (e.g., how human-like the motion is) or the accomplishment of a specific
task (e.g., the success of grasping an object). This will also determine which
distinctive features will be the focus of the evaluation process. The goal is to
find a suitable method that measures how successful the imitation is based on
the goal of the imitation and the system’s key features (e.g. imitation type, time
component, etc.).

- Ethical Considerations in Social Interaction Settings

When dealing with tracking of human data, it is important that privacy issues are
taken into account and that people interacting with the technology are provided
with transparent information on how their data is being used. Concerns have
also been raised that imitation systems designed for social interactions, such
as in the case of interpersonal coordination, may deceive interactants. This
deception is described as deceiving interactants into thinking that the robot has
more cognitive abilities than it does [Sharkey and Sharkey 2020]. However, the
authors argue that not all deceptions are wrong as long as the deception does
not cause any negative impact on the person or society in general. This distinc-
tion between wrong and not wrong deceptions is a topic of ongoing discussion
in the fields of ethics and philosophy. On the other hand, findings in social psy-
chology indicate that interpersonal coordination increases likability and rapport
between interactants [Burgoon et al. 1995]. These findings may have an impact
on how the way interpersonal coordination is transferred to be used in human-
robot interactions. The ability of the robot to exhibit interpersonal coordination
could be used to some advantage for the application or the stakeholders selling
the robot, which could have a negative impact on the interactant. Thus, an open
question from an ethical point of view is: How can we ensure that the imitation
system is not used for the wrong deception of the interactants? And is it ethical
(because of the possible deception) to allow robots to take part in social inter-
actions and express interpersonal coordination with the interactants?

5 Conclusion

Imitation systems have a wide range of potential applications within the field of
human-robot interaction. This paper proposes a method for designing and devel-
oping a human-robot imitation system in light of various application scenarios.
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The following elementary system components are identified: intended applica-
tion, technical implementation, and suitable evaluation. Each of these elements,
as well as their interrelationships are described and discussed. Based on an ex-
amination of several potential applications, the interaction setting with its specific
requirements is identified to be a key aspect to consider in system design. The
interaction setting can range from having a higher interpersonal component (e.g.,
imitation for the purpose of interpersonal coordination) to having a higher coop-
erative component (e.g., imitation targeted for teleoperation) interaction settings.
The system requirements that may emerge from the interaction setting have an
important influence on decisions for the technical implementation, but also for
choosing a suitable evaluation method. The interaction setting is also closely
related to the possibility of facilitating different types of trust between the human
and the robot. Finally, open challenges in developing human-robot imitation sys-
tems are discussed along with possible approaches as a way to tackle them.
Further research should aim to better understand in what ways body motion con-
tributes to the overall interaction between a human and a robot, and how it can
be tested not only as a stand-alone capability but also in combination with other
robotic social capabilities.
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