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Abstract—In this work, we propose a framework that facil-
itates natural whole-body movements for a mobile-based hu-
manoid. The framework takes bipedal human motion animation
as input. After re-targeting the motion to the robot rig, the joint
space data is applied to a physics-enabled robot model for
balance confirmation and then deployed one-shot to the real
robot. This method is beneficial for: 1) mapping expressive
and low-dynamic whole-body motions, such as walking, to
mobile-based robots; and 2) serving as a basis for training
more complex control policies for more dynamic motions.
Experiments were conducted by deploying human walking
animations to the robot, assessing its ability to mirror the
movements, and evaluating the subjective feelings of humans
observing the robot performing the motions generated by both
the proposed method and the traditional method. The results
indicated that the proposed method is effective for mimicking
human movements and consistently delivered a better overall
impression in the natural appearance of the motion, the human-
like factor, and friendliness.

I. INTRODUCTION

The aging population has led to a labor shortage, particu-
larly in hospitals and retirement homes. To address this issue,
there is a growing need for the adoption of general-purpose
humanoid robots. However, for these robots to be effectively
integrated and widely adopted, advancements in intelligent
human-robot interaction are essential. This includes en-
hancing the robots’ ability to mimic human behavior and
interactions, making them more relatable and efficient in
caregiving roles.

General-purpose humanoids based on their primary func-
tions can be broadly categorized into physically assistive
robots and socially assistive robots [1][2][3]. Socially as-
sistive robots are primarily used for emotional and cognitive
care. Therefore, it is crucial to carefully design and imple-
ment natural expressions. Specifically, natural movements
are characterized by smooth transitions, bio-mechanically
accurate motion trajectories, realistic speed and acceleration
profiles, and the absence of abrupt or discontinuous changes,
aligning with the kinematic and dynamic patterns observed in
human motion. On the other hand, physically assistive robots
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require higher power output, robust physical assistance ca-
pabilities, and coordination with human movements to pro-
vide effective support. When robots demonstrate human-
like behaviors, people are more inclined to synchronize
their movements, resulting in more effective and seamless
human-robot interactions. Furthermore, robots that exhibit
familiar, human-like behaviors are more readily accepted and
perceived as approachable, enhancing comfort levels during
such interactions [4]. It is necessary to develop methods for
generating human-like movements to ensure effective use of
such robots.

Recent work has exhibited the possibility of learning
motion and skills from human data with a bipedal robot using
a combination of real-time shadowing and imitation learning
[5][6]. However, to ensure improved safety and eliminate the
risk of erroneous or unstable motions resulting from model
hallucinations, an empirical one-shot approach offers a robust
framework for capturing and reproducing natural movements
with high fidelity.

In terms of morphology, humanoid robots can also be
broadly categorized into two types: bipedal robots and
mobile-based robots. Bipedal robots, such as the renowned
Atlas [7], are equipped with two legs and are particularly
adept at tasks related to disaster relief, including navigating
uneven outdoor terrain. In contrast, mobile-based robots
often have a mechanically simplified lower body, which
enhances the stability of the upper body, particularly the
dual arms, enabling efficient object manipulation or physical
assistance of humans, for example, the TWENDY-ONE robot
[8]. Significant effort has been invested in the dynamic
locomotion and motion generation of bipedal robots, and
recent advancements have been made through the integra-
tion of deep learning techniques, especially by utilizing
data from motion capture systems or computer graphics
(CG) animations. Researchers have developed methods for
bipedal robots to imitate human movements, which involve
tracking the positions of key markers on the human or
animation and solving joint angle trajectories. For bipedal
humanoid robots with body structures similar to humans,
this strategy inherently benefits from the ease of mapping
joint positions. On the other hand, the motion of mobile-
based humanoids which focus on manipulation using their
two arms, are often taught by a dual-armed passive device,
such as the mobile ALOHA [9]. However, such devices are
insufficient for teaching whole-body motion. While Deep
Reinforcement Learning (DRL) and other Machine Learning
(ML) approaches can generate complex motions, they raise
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significant safety concerns in the context of a mobile-based
robot designed to interact with humans. These methods can
produce unpredictable or inaccurate behaviors, which greatly
increases risk of operating the robot around humans. An em-
pirical one-shot approach that directly maps real or animated
human motions to mobile-based humanoids enhances safety
by ensuring the generated movements are predictable and
physically feasible.

The potential to map human motions to mobile-based
humanoids for data-driven whole-body natural motion gen-
eration has caught the author’s attention .

In this study, we utilized a mobile-based humanoid robot,
AIREC, as shown in Fig. 1, such robots are designed
primarily to assist humans in homes or facilities such as
hospitals and retirement homes [10]. The ability to exhibit
natural movements as well as to provide effective physical
assistance is vital for it.

Therefore, we aim to address the following issues:

o Solving the morphological discrepancy between human
movements and mobile-based robot movements using
proposed Mobile Anchor Position Tracking method
(MAPT).

Validating natural whole-body movements by creating
a physics-enabled model of the robot before deploying
the motion on the physical machine

Developing a basis for safe and fluid low dynamic
animation to full-body motion on mobile-based robots.

In this work, we present a framework that addresses struc-
tural differences between human and robotic movement using
MAPT. The process begins with generating motions from
a humanoid rig driven by CG animations. These motions
are then tested and validated on a real-time physics-based
robot model to ensure safety and realism. Once validated,
the refined motions are deployed in real-time to the phys-
ical robot, enabling effective and natural movement. This
framework has the potential to repeatably transfer human
motion sequences into positional control for the base to
control the robot’s position while controlling the motions
of the torso, head and arms of the robot. This is intended to
contribute to more natural and expressive motion for mobile-
based humanoids.

The remainder of this paper is organized as follows.
Section II presents a review of related work. The proposed
method is then introduced in Section III. Section IV describes
the experiments and their results. Finally, future work is
provided in Section V.

II. RELATED WORK

Whole-body motion generation for bipedal robots is a
complex and critical area of research. Optimization-based
methods, such as those presented by [7] for the Atlas
robot and [11] for natural-looking motion primitives, are
commonly used but often struggle to adapt to new conditions
after initial optimization. In contrast, using an explicit robot
model allows for precise control by understanding kinematics
and dynamics, enabling better planning and decision-making,
as highlighted by [12][13][14]. However, approaches like
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Fig. 1. Size and appearance of the AIREC robot

Model Predictive Control (MPC), which solve optimization
problems at each step, can be computationally intensive.
While balance for humanoid robots has been studied ex-
tensively [15] it remains a challenge in robot motion to
this day. Research has paid little attention to the generation
of expressive whole-body motions of mobile-based robots
that go beyond this foundational issue. Additionally, the
aforementioned methods are not well-suited for achieving
expressive, low-dynamic motions, which are crucial for more
natural and human-like robot movements.

On the other hand, robots with a fixed or mobile base,
often used in controlled facility environments, do not face
the same balance challenges as bipedal robots. As a re-
sult, achieving balance especially in low dynamic motions
requires less computational effort. For these base robots, the
focus shifts to generating more expressive and natural whole-
body motions that mimic human movements, which is crucial
for effective human-robot interaction.

In addition to model-based control, learning-based control
methods are also rapidly advancing [16][17]. These learning-
based methods can achieve robust performance in humanoid
robots by training in highly diverse simulated environ-
ments, which enhances their adaptability, as demonstrated
in [18][19][20].

For mobile-based robots, utilizing recent advancements in
learning-based methods for human motion imitation could
be beneficial for achieving natural and robust movements.
However, directly applying the successful learning-based
techniques developed for bipedal robots is impractical due
to structural differences as well as unsafe in the context of
operating around humans. Consequently, there is currently
no effective foundation for applying human-like motions to
base robots to achieve natural movement.

III. METHODS
A. Utilized Tools

The primary platform for this research was the AIREC
mobile-based humanoid robot (see, Fig. 1), designed to



assist humans in environments such as homes, hospitals, and
retirement homes. This robot was paired with a workstation
PC to run software, generate, and transmit commands.

IK Rig facilitated accurate mapping of human movements
to the virtual humanoid skeleton, calculating positions of
connected body parts based on key joint movements [21].
Unity’s physics engine ensured that the simulated motions
adhered to real-world physics as well as the robot’s physical
properties, enhancing realism and applicability. ROS pro-
vided a reliable framework for translating motion data into
actionable commands.

B. Human data mirroring

1) 3 kinds of Rigs: There are three kinds of rigs involved
in the motion transfer flow for human movement mimicry in
this work:

o Humanoid Rig Armature: A digital skeleton used in
CG animation and 3D modeling to replicate human-like
movements. It offers high flexibility with joints that can
move freely in multiple directions, making it ideal for
a wide range of animations. However, this flexibility
is not suitable for real robot operations, where precise
joint constraints are necessary.

Human-Robot Rig Armature: An intermediary rig that
adapts human-like movements to robot models. It cap-
tures human motion and transfers it to a robot’s pro-
portions while retaining the essence of the movement.
Unlike real robots, its joints are not restricted to single-
axis motions, providing flexibility for initial animations
but lacking precision for practical robotic applications.
It is used to bridge human motion to robotic form before
finalizing with a more accurate robot rig.

Robot Rig: A rig specifically designed to reflect the
mechanical constraints and joint mechanics of a real
robot. It accurately replicates the robot’s joint locations,
degrees of freedom, and movement limits to ensure
that digital animations can be executed safely and
realistically by a physical robot. The robot rig aligns
closely with the robot’s actual specifications, ensuring
that all movements are feasible and operationally safe.

2) Mobile Anchor Position Tracking method (MAPT):
We propose the Mobile Anchor Position Tracking (MAPT)
method to align upper body motion with lower body move-
ment. In this approach, we select the neck joint as the
anchor point, serving as a stable, central reference near the
upper torso’s center of mass, providing a consistent basis for
movement calculations (see Fig. 2). This aids in maintaining
alignment and coherence between upper and lower body
motions. By projecting the neck joint position onto the
ground to determine the base position and calculating lower
body joint angles using inverse kinematics, we dynamically
adjust the robot’s base and lower body to maintain balance
and stability. Crucially, MAPT aligns upper body movements
to facilitate lower body motion, addressing structural differ-
ences in mobile-based robots.

Initially, we imported human motion sequences from open-
source repositories into Unity, mapping them onto humanoid
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rigs (see Fig. 2).

Alternatively, we developed a framework to transfer real-
time human motion to the humanoid rig, but for most results
in this paper, we used downloaded animations replicating
real-world movements.

In our initial attempt to deploy whole-body bipedal human
motion onto a mobile-based robot, we used a motion capture
system to mirror human movements onto the AIREC robot
rig in Unity. We employed the HTC VIVE system with four
trackers—one each for the head, waist, and arms. The robot
rig replicated the human’s whole-body motion, as shown
in Fig. 3. Despite the minimal trackers, the robot correctly
mirrored human motion, particularly in the head and waist.
This is evident from the sub-figures, where the robot’s base
moves correspondingly when the human walks sideways.
Typically, robots mimicking human motions keep the lower
body fixed to simplify balance control, limiting natural
whole-body movements crucial for enhancing human-robot
interaction. Our MAPT method shows significant potential
in enabling fluid, expressive whole-body motions, thereby
improving interaction capabilities.

Although the robot rig’s motions include all necessary
transformations to map human motion to the robot’s kine-
matics, this is insufficient for commanding the actual robot
due to its characteristic speed and inertia at each joint and
base. A virtual physical environment allows simulation of
realistic dynamics, including gravity, friction, and collisions.

C. Physics-enabled modeling

1) Base controller: In order to remedy the issue men-
tioned above, The physics model of the robot was con-
structed. For this, the robot rig configuration was used but
instead of using a rig, the physics model is constructed out of
a set of articulation bodies. Each articulation body represent-
ing a single link in the real robot has the appropriate joint
ranges, link mass, joint friction, inertia and drive parameters.
Theoretically, this ensures that the robot is properly repre-
sented in the Unity simulation while preventing unfeasible
motions according to the physics limits. The angles from
the robot rig are sent to the appropriate joints of the Physics
model as target positions. The physics model then calculates
the robot movement to reach the target positions of each joint
resulting in the transfer of the animation movements to the
physics-enabled robot model.

Using the proposed MAPT, the robot’s base movement
is controlled by tracking the anchor movement, and a cus-
tom base controller was developed to apply rotational and
translational forces to the physics-enabled model’s base for
movement and rotation. This controller employs two separate
PID controllers in parallel, one for translation and one for
rotation. Each PID controller contains integrated smoothing
parameters and velocity limits, allowing for further cus-
tomization of the motion profile, as shown in Eq. 1.
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Fig. 2. The motion transfer flow is shown. Humanoid rig armature receives the original animation, providing high flexibility for natural
human-like movements. Human-robot Rig Armature acts as an intermediary, adapting the animation to a robot’s proportions while retaining
human-like motion characteristics but without precise joint constraints. Robot rig transfers the adapted motion to a rig that mirrors the real
robot’s joint constraints and mechanics, ensuring animations are accurate, safe, and feasible for actual robotic execution. The upper body
motion can be easily mapped due to the similar structure between the human rig armature and the robot rig. To address the morphological
discrepancies in the lower body, the neck joint position is projected to the ground to determine the base position by MAPT, and the lower
body movements, including waist joints 1 and 2, are calculated using inverse kinematics.

e

Fig. 3. AIREC robot rig mirroring whole-body motion in real-time
from mocap data in Unity.
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Where the control output for position is denoted by
Upos(s). The position proportional gain is K, the position
integral gain is K;, and the position derivative gain is K.
The error in position is represented by Ejo(s). The velocity
smoothing factor is «,, and the maximum velocity is Vi,ax.
The previous control output for position is Upes prev ().

For rotation, the control output is denoted by Uy (s). The
rotation proportional gain is K, ;o the rotation integral gain
is K o, and the rotation derivative gain is K o;. The error
in rotation is represented by Fy(s). The rotation smoothing
factor is a,., and the maximum rotation velocity iS Wmax-
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Fig. 4. The physics-enabled robot (left) falls due to real-world
constraints, unlike the robot rig (right).

The previous control output for rotation is Uy prey ().

Besides, a contact condition was applied to this base
controller to disable movement of the base if contact between
the base and the floor was broken in case the robot tips
over. The parameters for this controller were then hand-tuned
which resulted in adequate performance of position tracking
for the base movement of the physics-enabled model.

The combined body and base control allow the physics
model of AIREC to follow the animation motion within the
parameters of the real robot. This allows us to send the joint
angles and base positions of the physics model as targets to
the Robot Controller. Web-socket was used to achieve this,
sending messages with all the joint positions.

2) Whole body motion validation: Various CG animation
motions have been applied to both the robot rig and the
physics-enabled rig. For low-dynamic motions, both tracked
the original motion well. However, when high dynamic
motion is applied, the physics-enabled robot falls down, as
seen in Fig. 4. This occurs because the physics-enabled robot
must contend with real-world physical constraints such as
balance, inertia, and friction. These factors can cause it to
lose stability and fall when subjected to rapid or complex
movements, which are not accounted for in the input motion.
In contrast, the robot rig on the right, which is not governed
by real-world physics, can execute the movements without
these stability issues. If human motions, particularly fast



and dynamic ones, were transmitted directly to a robot, it
would have difficulty keeping up due to the constraints of
its actuators and control systems. In this work, we focus on
lower dynamic motions so that this physics model can serve
as a validation for the applicable motions suitable for direct
real robot deployment.

D. One-shot deployment

After validating the application of the selected motion to
the physics-enabled model, the joint angle data from the
physics-enabled model in Unity is continuously transmitted
to the real robot to control its movements. For the upper
body, trajectory controller is used. For the robot’s base,
which only allows velocity control, the previously mentioned
velocity controller is utilized to effectively manage the
position-based commands received. This approach enables
the robot to closely replicate the motions displayed in the
Unity simulation with minimal delay, thereby facilitating
real-time control of the AIREC robot and other similar
mobile-based robots using human motion.

IV. EXPERIMENTS AND RESULTS
A. Experiments

As discussed in Section I, it is essential for an assistive
robot to exhibit natural, human-like motions to enhance
its social acceptance, particularly in terms of fostering af-
fection, intimacy, and cooperative willingness from users.
We conducted the following two experiments to assess this
methodology. The first experiment included a motion demon-
stration of the robot using one-shot, real-time robot control
using a pre-recorded animation. In addition, we conducted a
survey to score the motion generated in the first experiment,
aiming to estimate the public’s emotional response to such
control methods for AIREC compared with a traditional
robot motion control method.

The motion demonstration experiment was performed us-
ing a ready-to-download animation from Mixamo called:
”Walk in Circle”. This animation represents a good balance
of animated upper body and character motion. The char-
acter appears relaxed, with his head looking around and
arms swinging naturally. The upper body movements are
characteristic of human motion as it was obtained from
professional motion capture. Due to size constraints, the
translation parameters of the movement were scaled to 0.5
of the original circle radius (from 1 meter to 0.5-meter
radius) of the circle the robot walked in. Besides, the motion
speed was scaled to 0.5 of the original animation speed to
ensure the dynamic stability of the robot as we focus on low
dynamic motion. The Odometry of the robot was reset each
take of this experiment to prevent accumulating errors. Once
the prerequisites were set as described above, the motion was
performed as shown in Fig. 5.

For comparison, we controlled the robot to move in
the same circle (radius of 0.5 meters) using a traditional
approach focused solely on locomotion, without considering
naturalness or expressiveness. This was achieved by simply
sending position commands to the base to execute the
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Fig. 5. Incremental snapshots of the robot performing the "walk in
circle” animations using the proposed method. The snapshots show
that the AIREC is expressing the positional change by using human
body language such as arm swinging and torso and head movement

motion. Afterwards, we conducted an online questionnaire
on a 7-point scale (1 strongly disagree — 7 strongly agree)
was asked by showing two types of videos; the motion of the
proposed method and the motion of the traditional mobility.
The questions were "How friendly the robot motion was,”
"How relieved the robot motion was,” "How natural the robot
motion was,” "How trustworthy the robot motion was,” and
”How human-like the robot motion was”. Subjective scores
were obtained from 26 anonymous people with science and
engineering backgrounds who are under 40 years old. Since
the data were non-parametric, the Wilcoxon signed-rank sum
test compared the scores to analyze whether the data differed
significantly (the significance level was 0.05).

B. Results and discussion

The animation transfer experiment was able to follow
the necessary motions of the target animation. As shown
in Fig. 5, the motion produced by the robot was dynamic
and resembled the “walk in circle” animation. In Fig. 6,
we presented the left arm joint 1, torso joint 3 as well as
head joint 3 as the representative data among all 23 joints
since in the animation of human walking, the arm swing
and waist twisting represent distinctive characteristics that
markedly differ from those of traditional robotic movements.
We can see that once the animation started, both the arm and
waist joints closely followed the command references, albeit
with some discrepancies.

First of all, there is minor but consistent undershooting of
the command references by the real angles. This is explained
by the control method used. Since we used target position
control, there is a balance to be struck between undershooting
of the animation target, and jitter of the final movement. The
undershooting was not severe but persistent and would re-
quire a more sophisticated synchronization between the robot
and the command program or a better control algorithm.

The second difference between the reference and com-
mand signal was the initial difference between the command
and sensed angles. This is explained by the way the ex-
periment was conducted. The initial state of the robot was
slightly different from the state of the animation, resulting in
the difference. Once the animation is initialized and sent to
the robot after 20 seconds, the offset corrects itself, signaling
a robust error feedback policy.



(a) Head (b) Left arm (c) Torso
12 __gensed head3 - -Command of head3 40 [ —Sensed leftl - -Command of leftl = -—Sensed torso3 - -Command of torso3
30 15
20 +
10
" 10
3 0 >
sz Y e Lbo-o--
b -10 f ! 0
g
3 r C
K 20 5
30 F
a0 L 10
8 L .50 ! 15 . . )
0 20 40 60 80 0 20 40 60 80 0 20 40 60 80
Time s Time s Time s

Fig. 6. A comparison between the command joint angles sent to AIREC and the recorded real joint angles of the left arm joint

waist joint 3 throughout the motion experiment.

As shown in Fig. 7, tracking the position and rotation of
the robot base, the rotation parameter is largely accurate,
while the position variables show significant overshoot. This
is explained by the hand-tuning which was done to the con-
troller of the base. Since the variables are not mathematically
optimised, some error is expected. Nonetheless, the overall
shape of the sensed signals follows the command reference,
once again, pointing to a promising approach.

Furthermore, the entire framework along with the motion
was performed in real time using a one-shot approach. Within
the Unity engine, there is a negligible delay between the
humanoid animation and the output goals. The very slight
delay seen in the data of Fig. 6 and Fig. 5 are related to
the communication protocol with the robot and are almost
imperceptible. It is, however, still possible to reduce it if a
more robust data transfer method is used.

In general, performing the natural whole-body motion
as planned using real-time one-shot control was safe and
successful. The mobile-based robot AIREC acted as expected
and all the discrepancies are explainable and are not inherent
to the proposed framework.

The results collected from the subjective survey comparing
motion generated by proposed framework to the traditional
upper-body stationary mobility methods were insightful to
the perception of robot body language by humans. Fig. 8
indicates the result of the investigation in subjective im-
pressions about the robot motion video from 26 anonymous
people. People have a significantly more positive impression,
that is, more friendly, natural, and human-like motions,
toward the motion of the proposed method. On the other
hand, the survey found that the robot motion did not appear
significantly more trustworthy or relieved.

The increased perception of friendliness, naturalness and
human likeness suggests that incorporating more dynamic
upper-body movements can make mobile-based robots ap-
pear more approachable and relatable to humans. This could
be particularly beneficial in applications where social in-
teraction is key, such as in customer service, healthcare,
or educational settings, where a friendly and human-like
demeanor can enhance user experience and engagement.
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Fig. 7. A comparison between the commanded position and rotation
of AIREC’s base and the recorded actual position and rotation of
the base throughout the motion experiment.

On the other hand, the discrepancy between the improved
perception of the aforementioned traits and the stagnant
perception of trustworthiness and relief might indicate that
while motion can enhance superficial impressions, deeper
trust-related factors may rely on other elements such as
consistent performance, reliability, and clear communication
of intent.

In general, these results suggest that the proposed frame-
work for motion generation could offer an improvement
over traditional methods that focus solely on functionality,
such as mobility. In our experiments, the proposed approach
enhances the naturalness of the robot’s movements, leading
to better human perception and interaction.

V. CONCLUSIONS AND FUTURE WORK

In this work, we proposed a framework utilizes MAPT to
address structural differences, employing a physics-enabled
robot model to validate motions derived from a humanoid rig
to which CG animations are applied. Upon confirming the
safety and feasibility of these motions, they are subsequently
deployed in real-time to the physical robot. This framework
ensures the authenticity of whole-body movements and lays
the foundation for a seamless transition from humanoid to
full-body motion in robot-based systems.

Human walking animations were used to test the robot’s
capabilities, specifically its ability to replicate the natural
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movements and how humans perceived these actions when
comparing the performance of both the proposed and tradi-
tional methods. The findings demonstrated that the proposed
method successfully mimics natural human motions, consis-
tently achieving superior impressions in the natural appear-
ance of the motion, the human-like factor, and friendliness.
In the future, this research could lay the groundwork for
developing a more robust framework from human motion to
AIREC, utilizing reinforcement learning to facilitate high-
dynamic motions. There are many improvements which
could be made to the current method. Using velocity control
for the upper body to avoid undershooting and achieve
smoother movements would be a good next step. In addition,
training the PID values for the base using machine learning
approaches, instead of relying on manual tuning, to improve
performance can be another necessary future upgrade. Next
to the possible technical improvements, it is important to
conduct more experiments using a variety of animations to
clearly show the limits of how dynamic the movement has to
be for this approach to fail. This will hopefully reveal what
needs to be done to make this framework more robust.

Next to this, it is also an interesting perspective to keep the
human reaction to the movements in mind. especially how
human-like the generated movements are. If this questioning
can be done on a larger scale, it could lead to insight about
how to use animated robots to achieve more natural human-
robot interaction.
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