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ABSTRACT This study explores the potential of training robots using reinforcement learning (RL) to adapt
their behavior based on human comfort levels during tasks. An experimental environment has been developed
and made available to the research community, facilitating the replication of these experiments. The results
demonstrate that adjusting a single comfort-related input parameter during training leads to significant
variations in the robot’s behavior. Detailed discussions of the reward functions and obtained results validate
these behavioral adaptations, confirming that robots can dynamically respond to human needs, thereby
enhancing human-robot interaction. While the study highlights the effectiveness of this approach, it also
raises the question of real-time comfort measurement, suggesting various systems for future exploration.
These findings contribute to the development of more intuitive and emotionally responsive robots, offering
new possibilities for future research in advancing human-robot interaction.

INDEX TERMS Community environment, human-robot interaction, learning parameters, reinforcement
learning, robot behavior, task adaptation, user comfort.

I. INTRODUCTION

Today’s industry is advancing rapidly, increasing the demand
for integrating collaborative robots, or cobots, into work
environments. These robots are designed to work alongside
humans, sharing workspaces and collaborating on various
tasks [1]. However, the introduction of cobots brings new
paradigms and challenges not faced with traditional industrial
robots, making it essential to consider factors such as work
environment, human safety, and comfort [2], [3].

In collaborative robotics, it is important to understand
the different levels of cooperation between human workers
and robots. Figure 1 illustrates these collaborative scenarios.
The Cell model represents a traditional industrial setup
with distinct compartments for humans and robots. The
first collaborative model, Coexistence, has humans and
cage-free robots working side by side but in separate
areas. The Synchronized interaction model involves humans
and robots sharing a workspace but not simultaneously,
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ensuring coordinated workflows. In the Cooperation model,
both humans and robots perform tasks in the same space
simultaneously but on different products or components.
Finally, the Collaboration model exemplifies the highest level
of integration, with humans and robots working together on
the same product or component [4].

Cell Coexistence Synchronized Cooperation Collaboration
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FIGURE 1. The various levels of cooperation between a human worker
and a robot.

As collaborative robots become increasingly integrated
into various industries, more humans are sharing their work
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environments with robots in a cooperative manner. This shift
towards shared workspaces emphasizes the importance of
understanding and optimizing the interaction between human
workers and cobots to ensure safety, efficiency, and overall
well-being in these hybrid work settings. These emerg-
ing uncertainties have intensified research in collaborative
robotics, aiming to understand the impact of humans sharing
tasks with robots. Key considerations include efficiency,
trust, comfort, and the emotional experiences of humans
working alongside cobots [5]. Addressing these challenges
is needed for developing a safe workspace [6].

A promising approach in this field is applying Reinforce-
ment Learning (RL) to address some of these challenges [7].
RL involves an agent iteratively improving its behavior by
interacting with its environment, receiving feedback through
rewards and penalties to refine its decision-making process.
Through RL, cobots can learn to handle simple tasks, such
as lifting boxes or assembling components, and perform
more complex actions [8]. However, such training requires
significant time and computational resources.

The goal of applying RL in collaborative robotics is
to optimize specific routines and potentially discover new
behaviors. It enables direct handling of complex procedures
and allows cobots to adapt to new, unforeseen situations,
making real-time decisions while interacting with the envi-
ronment. The ability of an RL agent to face unexpected
scenarios and respond appropriately is important in collabo-
rative robotics [9], where adaptability to evolving situations,
including human reactions, is vital. These factors highlight
why RL is a compelling area for shaping cobot behavior in
collaborative environments [10].
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FIGURE 2. Classical RL-Loop. [11].

In classical RL, the learning process is conceptualized
as a loop where an agent interacts with its environment
in discrete time steps. At each step, the agent observes
the current state, selects an action based on its policy,
executes the action, transitions to a new state, and receives
a reward signal. The agent aims to learn a policy that
maximizes cumulative rewards over time. This loop of
observation, action, reward, and learning, as proposed by
Richard S. Sutton [11] and illustrated in Figure 2, continues
until the agent achieves satisfactory performance or the
environment changes significantly.

Most approaches in RL and collaborative robotics often
overlook the human aspect, particularly factors such as
human well-being and comfort. Integrating RL training
with the human element can significantly improve the
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work environment and the well-being of workers in today’s
demanding industry. This research proposes the creation of a
fully parametric environment for the scientific community,
where various tasks and different robots can be trained
with consideration for human comfort. This experimental
setup is designed to be highly adaptable and user-friendly,
allowing researchers to simulate a wide range of scenarios.
Furthermore, the results obtained from these experiments can
be extrapolated to real-world applications, ensuring that the
findings are not only theoretical but also practically relevant.

The article is structured with an initial state-of-the-
art review to set the stage and provide context. This is
followed by a detailed methodology section outlining the
procedures and techniques employed. Next, key aspects
from the developed environmental are examined to ensure a
thorough understanding before progressing to the experimen-
tation section. After the experimentation, a comprehensive
discussion of the results and future lines is presented. Finally,
the article concludes with a summary of the findings.

Il. STATE OF THE ART

Human-robot collaboration is a rapidly evolving field that
aims to enhance safety and efficiency in various applications.
Recent studies have focused on integrating reinforcement
learning into human-robot collaboration to achieve this bal-
ance [12], [13]. By modifying reward structures and imple-
menting safety-oriented shielding approaches, researchers
have demonstrated significant progress towards practical
solutions that can be applied in real-world scenarios [13].
These advancements in deep reinforcement learning have
enabled robots to learn complex behavioral skills with
minimal human intervention, leading to more autonomous
and adaptive robotic systems [12].

Moreover, the development of frameworks like Multi-
modal Reinforcement Learning Human-Robot Collaboration
(MRLC) has provided a structured approach to enhancing
collaboration between humans and robots [14]. By leveraging
joint-action demonstrations and encoding human user models
in decision-making processes, effective teaming in collabora-
tive tasks has been facilitated [15]. Additionally, studies have
explored the use of intrinsic reward functions to enable safe
interaction in industrial human-robot collaboration settings,
ensuring real-time collision-free motion planning [13].

Furthermore, the concept of shared task representation
and the influence of robots’ fairness on human behaviors
have been investigated to improve trust and cooperation
within human-robot teams [16], [17]. Understanding human
attitudes towards collaboration with robots is needed for
shaping effective collaborative strategies and optimizing
task allocation [18]. By considering factors such as human
trust and decision-making processes, researchers have aimed
to create fluent and efficient human-robot collaboration
environments [19].

The integration of reinforcement learning, multimodal
frameworks, and safety-oriented approaches in human-
robot collaboration represents a significant advancement
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towards achieving a harmonious balance between safety and
efficiency in real-world applications.

In the context of human-robot interaction, the speed of
the movements of the robot has been identified as a factor
influencing human comfort. To address this, adaptation
mechanisms based on reinforcement learning have been
developed to interpret subconscious body signals from
humans and adjust robot actions accordingly to improve
overall comfort in interactions [20]. Additionally, reinforce-
ment learning enables robots to explore and learn about
their environment through positive or negative feedback,
allowing them to determine favorable actions based on a
reward system [21].

Reinforcement learning offers a framework for robots
to learn from experience and observe the consequences of
their actions on the environment, facilitating the acquisition
of new skills and behaviors [22]. This learning process
can be accelerated by methods such as Bilateral Biased
Neighbors-Sharing Cooperative Reinforcement Learning,
which integrates knowledge from neighboring robots to
enhance the learning process [23].

In the realm of social robotics, reinforcement learning
has been applied to adjust robot behaviors based on signals
of comfort and discomfort from humans, demonstrating the
potential of this approach in creating more adaptive and
user-friendly robotic systems [24]. By reading subconscious
body signals and using this information to adjust interaction
distances, gaze meeting, and motion speed, robots can
enhance their interactions with humans through reinforce-
ment learning [25].

Overall, reinforcement learning plays a major role in
enabling robots to autonomously learn, adapt, and improve
their behaviors in various environments, ultimately enhanc-
ing their performance and interaction capabilities [9].
Through the utilization of reinforcement learning algo-
rithms, robots can achieve unexpected motion patterns,
exhibit good performance in tasks, and continuously
improve their abilities based on feedback from the environ-
ment [26], [27]. This approach not only benefits the
development of individual robots but also opens up possi-
bilities for decentralized multi-robot systems to collaborate
effectively and avoid collisions through deep reinforcement
learning [28].

However, despite the promising solutions and research
directions proposed in these studies, many remain theo-
retical and lack replicability. Developing a human-robot
environment that consistently focuses on comfort variables,
effectively demonstrates experimental outcomes, and is both
replicable and configurable for various challenges and future
research endeavors remains a significant challenge. This
line of inquiry continues to be of great interest, aiming
to bridge the gap between theoretical advancements and
practical applications, thereby ensuring that human-robot
collaboration can be reliably and consistently reproduced in
real-world scenarios.
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lll. METHODOLOGY

This methodology section outlines the entire research
process, from the creation of the environment to the experi-
mentation and obtaining of results. Initially, a comprehensive
review of scientific papers was conducted using databases
such as Web of Science (WoS) and Google Scholar, among
others. This review helped identify the specific needs
and challenges of the research, as discussed in previous
paragraphs. Based on these identified needs, the construction
of a specialized experimental environment was undertaken.
The following section provides a detailed description of the
development of this environment, which is designed to be
accessible to anyone in the scientific community.

The creation and training process of the environment
has been highly iterative. Following the initial training
results, minor adjustments were made to parameters, reward
functions, or the environment itself to facilitate learning and
correct undesirable behaviors exhibited by the robot. This
cycle of training, adjustment, and result verification was
repeated until the desired outcomes were achieved. Each
stage of this iterative process required careful monitoring and
analysis of the agents’ performance, leading to incremental
improvements. Future development over the next few years
will follow a similar iterative process to ensure optimal
results. The methodology’s iterative nature ensures continu-
ous refinement and adaptation of the system to meet evolving
research needs.

This structured approach ensures a thorough exploration
and refinement of the research methodology. By continuously
iterating on training and adjustments, emerging challenges
can be addressed, and the system’s performance can be
enhanced. This ongoing process of refinement is key for
achieving reliable, reproducible results that can benefit the
scientific community.

IV. OVERVIEW OF THE COMFORT ROBOTIC

LEARNING FRAMEWORK

Everything relevant to the environment created for the
experiments conducted during this investigation will be
described in this section. It is reiterated that the environment
is available for academic use on GitHub at the time of
this article’s publication [29]. The specific development
framework chosen for this project is Unity. Unity was selected
due to its high-quality visual simulations. Furthermore, the
ability to generate simple, executable, and parametrizable
environments that do not require extensive technical knowl-
edge from external users wishing to replicate the experiments
is a significant advantage. Additionally, Unity’s integration
with various RL libraries, such as Stable Baselines 3 [30],
in addition to its native ML-Agents, makes it an excellent
execution and development environment [31].

Other notable frameworks for Reinforcement Learning
simulations include Gazebo and PyBullet [32], [33], known
for their robust physics engines and flexibility. Gazebo,
often used with ROS, is favored in research for simulating
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various robotic systems [34]. PyBullet is praised for its speed
and ease of use, making it suitable for quick prototyping.
Despite these options being noteworthy, Unity was chosen,
as previously mentioned, for its visual simulations, ease
of creating executable environments, and integration with
other RL libraries, making it an excellent development
environment [31].

When selecting the tasks that can be performed within
the environment, three types of tasks were proposed, each
increasing in difficulty. The first task involves moving the
robotic arm gripper to a single point, either fixed or random.
The second task requires the robot to move the gripper from
one point to another, following a more complex trajectory.
The third task involves picking up a ball from a table and
placing it on a different table based on the ball’s color. These
three tasks can be configured to consider the presence and
comfort of a human during training. Although these three
tasks are defined, for the subsequent experimentation and
explanation of the environment, all examples will focus on
the third task: picking up and placing a ball based on its color.

FIGURE 3. Example training environment.

In the previous Figure 3, the training environment is shown,
highlighting that this is only one of the scenarios used for
training. The position of the tables, the spawning of the
human dummy, and the movement of the dummy are all
configurable, among other parameters. There are numerous
customization options available to adapt the environment to
specific scenarios and training needs. Additionally, there are
options to adjust parameters such as precision of the taking
and leaving or division into subtasks (picking up, placing,
and returning to the origin) to fit techniques like curriculum
learning [35].

Regarding the division of task, the environment is designed
with the capability to have a controller for the different
networks and subtasks, allowing for individual training of
picking up, placing, and returning. This approach aligns with
the concept of hierarchical reinforcement learning (HRL),
where complex tasks are decomposed into simpler, man-
ageable subtasks [36], each with its own controller. This
method can improve training efficiency and effectiveness by
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focusing on mastering each different task separately before
integrating them. Alternatively, the entire task can be trained
as a single network, without division into subtasks, to develop
a comprehensive model that handles the complete sequence
in one go.

Depending on the use case and the subsequent implementa-
tions that one wishes to develop or replicate, either approach
can be chosen. In the research conducted, the tasks of picking
up and placing based on color were carried out using a single
network, while the task of returning was handled by another
network. This division was chosen because, in the specific
case presented, the execution time between separating the
first and second tasks is practically identical. At the end
of this section, all configuration parameters relevant to the
experimentation will be detailed to enable replication of the
presented experiments.

When it comes to comfort metrics, each user can define
a different number of comfort levels depending on their
measurement instruments. While this research does not focus
on the measurement or selection of the number of comfort
levels, it is possible to input the comfort level into the system
based on external measurements collected. This flexibility
allows users to tailor the comfort settings according to their
specific needs and available data.

Currently, comfort in human-robot interaction considers
among others, both the speed and the distance of the robot
relative to the human. These two parameters have been
determined by studies to directly affect how a human feels
when perceiving a robot [20], [37], [38]. The reward function,
which will be discussed later, takes into account not only task
completion but also, if the user chooses, the speed and/or
distance. The number of different comfort levels defined and
the specific comfort level for each training session, as set by
the user, will affect how much the robot’s behavior varies.
In most cases, these behaviors differ significantly between
each other, as shown in the experimentation section.

Regarding the reward function, after an extensive testing
period, various functions have been determined based on the
task. The reward functions were carefully designed to ensure
that the robot not only completes the tasks but also optimizes
for efficiency and user comfort when applicable. In the
equation 1, the complete reward function is represented.
It includes an activation parameter k for each specific task
(k1, k2, k3), which enables or disables the contribution of each
task’s reward function based on its relevance. Additionally,
the comfort function Feomfort(Cr, Nc) is dependent on the
comfort level parameter C; and number of comfort levels N,
ensuring that the robot’s actions are adjusted according to the
desired level of user comfort. The parameter N, is a value
that represents the total number of defined comfort levels in
the system, while Cj is the actual comfort level the user is in.
These comfort levels are designed to adjust the robot’s actions
according to the desired level of user comfort, ensuring a
personalized and adaptive interaction. This structure allows
the reward function to dynamically balance task completion,
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efficiency, and user comfort.

R= kl - Fragk1 + k2 - Fragko + k3 - Fragks — FCOmert(Cls Nc)
(H

The comfort function Feomfort(Ci, Ne) is designed to
ensure the robot’s actions are not only efficient but also
comfortable for the users. This function is based on two
components: Feonr1 (C, N¢) and Feonp2(Cy, Ne). The function
Feonf1(Cy, No) uses a hyperbolic tangent-based formula.
During experimentation, linear and logarithmic functions
were also tested, but the hyperbolic tangent was selected.
It offers smoother transitions between penalty and reward and
effectively manages threshold boundaries, leading to overall
better results. The threshold for switching from penalty to
reward is calculated by a function that depends on the current
comfort level C; and the total number of comfort levels N,.
To optimize for comfort, the reward is structured as —0.1 4
reward, ensuring that positive behaviors can cancel out the
negative reward, leading to better overall results. The function
considers the number of comfort levels defined by the user
and the current comfort level of the user, adapting the robot’s
behavior to meet specific comfort requirements.

d — O (Cy, Ne)

max(d, le — 10)
-max(dmax — d, le — 10))  (2)

Feonf1 (Cy, Ne) = —0.1 + tanh (

where:

o d is the distance between the robot and the user.

e Onr(Cy, N,) is the threshold for switching from penalty
to reward, calculated based on the current comfort level
C; and total number of comfort levels V..

o dmax 1 the maximum distance for full positive reward.

o N, represents the user-defined comfort levels and C; the
current comfort level of the user.

To better understand the mathematical function, it is
helpful to provide a practical example. Suppose in a training
environment, the user has defined that the robot should
maintain a distance range between 20 cm and 1.2 meters
(120 cm) from the user. If at a given moment, the distance
between the human and the robot is 45 cm if the number of
comfort levels N, are 10 and if the user-defined comfort level
C; is 3, the result of the expression to the right of —0.1 in
the formula will be negative, resulting in a total value less
than —0.1. On the other hand, if the comfort level is higher,
for example 6, the result of the right side of the formula
will be positive, which will help to partially offset the value
of —0.1 in the formula.

The idea behind this formula is to try to find a balance
between the average time required to perform a task and the
robot’s proximity to the human, always varying depending on
the comfort level. Furthermore, this approach demonstrates
how, with different comfort levels, the outcome varies
significantly, adjusting to the user’s needs and preferences in
terms of proximity and robot performance.
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The function Fconr2(Cy, Ne) is based on joints’ angle,
specifically considering the maximum increment per step.
It defines a new increment threshold based on the comfort
level, beyond which no reward is given. This adjustment
ensures that the robot moves more slowly and the overall
speed is reduced, improving user comfort.

—0.1 if Aa > Aan(C, N.)
Fcoan(Cl» Nc) = [ ‘ r( ‘ (3)

0 otherwise
where:

e Aq is the degree increment per step.

e ACthreshold(Ci, N¢) is the threshold increment per step
based on the comfort level C; and number of comfort
levels N,.

Following the logic established earlier, it is beneficial
to provide a practical example to illustrate the function’s
operation. Assume Feonr2(Ci, No) measures the joint adjust-
ment sensitivity in a robotic system, where the robot can
move its joints by up to 2 degrees every step. Consider
a specific instance where the robot makes an adjustment
of 0.85 degrees. If the number of comfort levels N, are
10 and if the user-defined comfort level C; is 4, the result
of Feon2(Cy, No) will be negative, indicating an excessive
adjustment beyond the user’s comfort threshold. However,
if the comfort level is 6, the result would be 0, signifying that
an adjustment of 0.85 degrees is permissible at this higher
level of comfort.

This example illustrates how Feonr2(Ci, Ne) responds
differently based on the comfort level, allowing the robotic
system to adapt its behavior accordingly. The function thus
serves to maximize the allowable degree of joint increment
at each comfort level, ensuring that the robot’s actions align
closely with user preferences and comfort thresholds.

In the context of the defined mathematical model for
robotic behavior, the function Feomfort(Cr, No) offers a
structured approach to adjust robotic actions based on user
comfort levels. Following the logic outlined in previous
paragraphs. Additionally, thanks to & and B, the end user can
determine during the training period the weight each function
should have within the overall comfort function. Through
the agent’s observations, the agent is capable of interacting
and reacting by taking into account both parts of the comfort
function.

Feomfort(Cr, Ne) = aFeonf1(Cr, Ne) + BFeont2(Cr, Ne)  (4)

where:

o « is a coefficient between O and 1 used to weight the
specific importance given to Fconf1(C, N¢) in the total
comfort equation.

o f is a coefficient between 0 and 1 used to weight the
specific importance given to Feonr2(Ci, N¢) in the total
comfort equation.

This defines the total comfort reward function, focusing

primarily on the overall comfort and the results achieved.
The specific functions for each task are not detailed here but
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can be found on the GitHub repository. For any additional
details and trial executions, everything will also be available
on the GitHub repository [29]. In the final section of this
paper, the future updates for the next few years will be
discussed, however, one of the first planned updates following
the official release is to enable variations between specific
functions for each task. However, for this iteration, the
emphasis remains on optimizing user comfort and analyzing
the outcomes.

This section has covered the relevant aspects of the envi-
ronment related to this research. The next section will present
the experimental results, starting with the comfort level
deactivated to ensure the proper functioning of the robotic
environment in the presence of humans. Following this, the
experiments will be analyzed with the comfort parameter
activated to observe the variability in robot behaviors. This
approach aims to bring value to the research and enhance
the understanding of the environment’s influence on human-
robot interactions.

V. EXPERIMENTATION

In this section, the experiments conducted to validate the
entire system will be discussed. Two distinct experiments
were performed. The first experiment focuses on solving the
environment without considering any comfort parameters.
The second experiment, which will be more extensive,
centers on the complete training of various executions
with different levels of comfort. This includes analyzing
the results, differences between them, efficiency, and other
relevant factors.

Regarding the chosen algorithm, after a period of testing,
SAC (Soft Actor Critic) was the most efficient algorithm [39],
which is why it is normally used in continuous action
trainings. To ensure the replicability of the experiments,
the same hyperparameters will be used throughout all
experimentation. For complete transparency and to facilitate
reproduction of the results, the full configuration file is
available in the repository. However, to highlight the most
valuable parameters, the most relevant hyperparameters used
for the SAC algorithm are listed below:

« Learning Rate: 0.0003
« Batch Size: 1028

« Buffer Size: 1000000
o Tau: 0.005

o Hidden Units: 256

o Number of Layers: 2
o Normalize: true

o Gamma: 0.99

o Strength: 1.0

The first of the experiments focuses on solving the
environment without considering any comfort parameters.
That is, according to the reward function definition from
the previous sections, both « and g are set to 0. The idea
of this experiment is to demonstrate that the robot in the
proposed environment is capable of reacting and interacting

122294

with various situations and human movements. In this first
case, no comfort parameters are taken into account. The
list below provides the relevant important parameters of the
third task environment necessary to replicate this specific
experiment.

o Precision: High (10 cm)

« Human Movement: Random Forward Walk
« Human Spawn Position: Default

« Table Position: Default - not changing

« Human Movement per Step: 0.5 m

« Simultaneous Environments in Training: 5
o Active Tasks in Training: 1-2 then 3 separately
o Clipping: Disabled

e a:0

. ﬁ :0

o Comfort Levels: None

e Current Level: N/A

In the Figure 4, various situations can be observed, two
where the robot has to place the orange ball and two where
it has to place the pink ball. In each of these after-training
testing situations, a real human has been controlling the
virtual human and the movement, and it is noticeable that in
the same task (placing a ball of a specific color), the robot
has taken different trajectories, always trying to adapt to the
human’s movements. The two upper images depict the same
human position, unforeseen in training, but different ball
color, same for the two lower images. In these cases different
trajectories can be seen. It is important to note that in more
critical situations, where the human directly seeks collision,
the robot is capable of adjusting and avoiding it. However,
in certain critical situations, it is possible that the task may
not be completed (leaving the ball).

>

FIGURE 4. Visual representation of the results: trajectory adjustment.

This initial development and experimentation demon-
strates that the robot is capable of executing a complex
task. Throughout this process, the robot takes into account
the human’s position to avoid collisions, selects different
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trajectories (marked in red in each image), and is able to
modify these trajectories in real-time based on the human’s
movements. Considering all these aspects, the robot shows
adaptability. With an even more optimal configuration of
the environment and algorithm parameters, the results can
be further improved. However, the main objective of this
research is not only to ensure the robot’s adaptability to the
human’s position but also to their comfort levels. This aspect
is what the next set of experiments aims to test, which will be
presented in the following paragraphs.

For the next experiment, it is important to provide more
context. In this case, comfort will indeed be taken into
account. However, for the showcase and demonstration of
proper functionality, the primary function will be set with
o = 1 and B = 0. This will allow us to directly observe
the correlation and analyze in detail metrics such as average
distances, number of steps taken, and varying comfort levels.
The goal of these results is to evaluate overall execution
metrics which aims to accurately demonstrate the results.

In this case, it is also necessary to provide the training
parameters to allow replication of the experiments (SAC
parameters are the same as the previous experiment). The
precision will be set to 30 cm to obtain results more directly,
as these individual training sessions take longer to converge
due to the added complexity of considering comfort. The
following list details the most relevant training parameters
trainings where 10 comfort levels are taken into account.

o Precision: Low (30 cm)

« Human Movement: Random Forward Walk

o Human Spawn Position: Default

« Table Position: Default - not changing

o Human Movement per Step: 0.5 m

« Simultaneous Environments in Training: 5

« Active Tasks in Training: 1-2

« Clipping: Disabled

e a0:1

. ﬁ :0

o Comfort Levels: 10

o Current Level: Going through 1 to 10 to verify results

In this set of experiments, the same machine as previously
described was used. Each specific training session for each
of the comfort levels took approximately 12 million steps,
which is about 1.5 days. The time required is less than the
previous experiment due to a lower precision of picking
and placing the ball. The main idea is to appreciate the
differences and validate the functionality of the implemented
reward function. From the tests conducted, for training
with a precision close to 10 centimeters, the number of
steps required would be around 50 million to obtain correct
results. It is recommended not to directly transition to
such high precisions as 10 centimeters; instead, applying
techniques like curriculum learning is the most appropriate
alternative.

After completing the training sessions, the initial analysis
will focus on the overall results. Specifically, from 100 exe-
cutions with the trained models, the goal is to evaluate the
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average distance to the human during task execution (whether
itinvolves picking up the orange or pink ball) and the average
number of steps taken to complete the task. This analysis will
demonstrate, in a non-visual manner, that the robot adjusts
its distance based on the level of comfort and selects a
route requiring a greater number of steps. The results can
be seen in the following two images, one representing the
average distance and the other showing the average steps in
task execution throughout the environment. All executions
have been conducted with the same seed, and the human’s
movement has been identical for each position, ensuring a
fair comparison. Additionally, some test positions have never
been encountered during training, thus ensuring robustness.

In the two related images (See Figures 5 and 6), a clear
trend in the results of the training sessions can be observed.
As the comfort level increases, meaning that the user is more
comfortable with the actions of the robot, the average distance
that the robot maintains with the human while performing its
task decreases, meaning the task is carried out in a closer
manner whenever possible. The result in this case indicates
that from the first comfort level to the last, the distance
decreases by approximately 25%. On the other hand, the time
it takes to complete the task, measured by the number of steps,
decreases as the comfort level rises, with the number of steps
needed by the robot decreasing by around 12%.
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FIGURE 5. Average distance by comfort level (100 trials). Overall results.
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FIGURE 6. Average steps by comfort level (100 trials). Overall results.

The results are promising and demonstrate that the robot
can adapt its behavior based on the comfort levels defined
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by the user, adjusting according to the user’s specified
behavior parameters. While the differences between distinct
comfort levels are clear, the similarity and proximity in
certain cases may make it challenging to distinguish between
contiguous levels. However, if the environment and algorithm
parameters, comfort levels, and reward functions are better
tuned to the specific task defined by the user, the results can be
slightly improved. Additionally, for more specific tasks such
as picking up only the pink ball or only the orange ball, the
results are quite similar to the general results.

There are particular cases where the robot needs to carry
out the task while the human is located quite far away,
and due to the overall situation of the environment, the
most optimal path is also the most distant. In these very
specific instances, the variability in the distance is almost
imperceptible. Although these cases are rare and specific,
they do not affect the overall results.

An objective numerical analysis reveals the variation
in the average distance between the robot and the user
during training sessions. As in the previous experiment, it is
beneficial to examine the robot’s trajectory and the visual
differences in its movement. The Figure 7 illustrates the same
task executed with identical human movement, highlighting
the robot’s trajectory changes. Depending on the comfort
level, the robot either increases its distance by taking more
steps or decreases it, thereby demonstrating adaptability.
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FIGURE 7. Visual Representation of the Results: comfort level trajectory
adjustment.

From the previous image, it is evident that as the
comfort level decreases, the robot’s distance from the
human increases. This can be observed across the different
comfort levels: high, medium-high, medium-low, and low,
corresponding to values of 10, 7, 4, and 1, respectively. These
results are validated not only numerically, as shown in the
graphs, but also visually.
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The four images illustrate the robot’s trajectory at different
comfort levels. In the high comfort level image, the robot
maintains a shorter distance from the human, taking a more
direct path to complete the task. As the comfort level
decreases, the robot’s path becomes progressively longer
and more curved, moving further away from the human.
This visual representation clearly demonstrates how the robot
adjusts its trajectory based on the specified comfort levels.

Testing various scenarios to determine if this reaction
is consistent in entirely different situations is noteworthy.
These include cases where the user is positioned differently,
performing different movements, and where the robot is
tasked with picking up a different ball. The next Figure 8
aims to visually present the results of this different task. It is
evident that the robot follows distinct trajectories compared
to those observed previously, and these trajectories vary
according to the different comfort levels.

Figure 8 serves to validate the earlier observations and
provides an additional perspective. This image not only
shows the trajectory but also illustrates how the robot
approaches to place the ball. In this second set of images,
a substantial difference is observed between the high comfort
and medium-high comfort levels.

The comparisons between high-medium, medium-low,
and low show less pronounced differences, but it remains
clear from the numerical data that the radius increases
(The maintained distance grows slightly). Highlighting this
behavior is important because, depending on the human’s
position, the difference in the robot’s trajectory can be more
pronounced, as seen in the previous set of images, or less
pronounced, as observed in this set. This differentiation
is needed for understanding the adaptability of the robot’s
behavior in varied environments and how it responds to
changes in the user’s location.
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FIGURE 8. Visual representation of the results (I): comfort level
trajectory adjustment.

For this exhaustive experimentation, the second function
of the complete comfort function has not been considered,
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with the parameter S set to 0. Additionally, based on the tests
conducted to determine the correct functionality of the reward
function, activating this parameter would result in a change
in the number of steps, with the angular differential between
steps being greater at higher comfort levels and smaller at
lower comfort levels. Future versions of the framework will
add new options to the comfort function, allowing more
customization based on specific research needs.

In the following sections, the impact of the environment
and the results will be analyzed in detail. Additionally,
a vision of future implementations of the environment
will be offered from the day of its publication. This will
provide insights into potential improvements and extensions
to enhance the framework’s applicability in various research
contexts.

VI. DISCUSSION

In this section, the obtained results will be discussed in detail,
exploring their implications and significance. Additionally,
future lines of work related to the experimentation will be
outlined, along with a concrete plan for future additions to the
training environment. This plan aims to provide the scientific
community with a clear understanding of the anticipated
advancements and improvements, ensuring transparency and
fostering collaboration.

The results obtained from the human-robot collaboration
environment based on comfort levels have been positive.
Initially, the robot reacted to the user’s position, adapting
its behavior accordingly. When comfort levels were intro-
duced, the robot exhibited distinct behaviors at each level,
demonstrating its ability to adjust its actions based on the
specified comfort parameters. This adaptability highlights
the effectiveness of the comfort function in modulating the
robot’s interactions to enhance user experience.

Furthermore, extensive testing was conducted, using
manual controls to simulate previously unseen situations.
The robot successfully adapted to these new challenges,
showcasing its robustness. Although increased training hours
will undoubtedly enhance its robustness to unforeseen
situations, the environment already offers various alternatives
to make the learning process easier. These features, although
not used in the experimental process, simplify the training,
making the system more accessible for specific cases in the
scientific community.

It is important to emphasize that the environment is free
and available to the scientific community. Additionally, it will
receive periodic updates, adapting to new technologies as
they emerge. These updates will ensure the environment
remains cutting-edge, versatile, and highly beneficial for the
scientific community, fostering continuous innovation and
practical application in various research contexts.

Future updates for the training environment include several
significant advancements. In next versions, users will have
the option to choose between different specific reward
functions for more personalized environment settings. New
robot models with their controllers will be developed,
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as currently only the UR3e is supported. Additionally, new
environments featuring more specific and longer tasks will be
introduced. There will also be a development of a graphical
application for fine-tuning all parameters, which is currently
done through JSON or YAML.

Final updates will focus on establishing a framework
for testing the generated neural networks in virtual reality,
visualized in real industrial environments with available
parameterization, providing a plug-and-play solution. This
development is currently in a beta phase, where it is possible
to test and interact with the system, placing balls and sharing
tasks with the robot. As shown in the Figure 9, this is a
set of direct screenshots from the virtual reality headset,
illustrating the entire environment, the interaction and the
robots in action. Final adjustments are still necessary for the
full release of this significant update.

FIGURE 9. Set of 4 screenshots of the interaction between human and
robot collaboration in a VR environment.

The experimentation process, combined with the training
environment and its future enhancements, provides an
interesting pathway for developing robots that continuously
adapt to the needs and preferences of individual workers. This
framework is designed to ensure that robotic systems remain
responsive and personalized, enhancing both efficiency and
user satisfaction. This comprehensive approach promises to
deliver benefits to the scientific community and industry,
promoting the development of robots that are both highly
functional and aware of human needs.

VIi. CONCLUSION

This conclusion section will revisit and summarize the most
significant contributions of this research. Additionally, this
section will propose future research directions, offering
valuable insights and opportunities for other researchers to
explore and build upon the presented environment. These
suggested lines of investigation aim to further enhance the
field and expand the practical applications of the developed
framework.

The most valuable contributions of this research can
be summarized by its key advancements in the field of
human-robot collaboration. The study developed an adaptive
framework that allows robots to adjust their behavior based
on stress levels and comfort parameters, enhancing user
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experience and operational efficiency. The introduction
of a comprehensive comfort function, validated through
rigorous testing, demonstrated the robot’s ability to respond
dynamically to different user-defined comfort levels. The
creation of an accessible and updatable training environment,
combined with future planned advancements, ensures that the
framework will remain relevant and continue to evolve. These
contributions collectively pave the way for more personalized
and responsive robotic systems, capable of adapting to
individual user needs and improving overall human-robot
interaction.

Building on the proposed environment, which as men-
tioned, is freely available, other researchers can implement
their own modifications to meet specific needs or fields if
the customization options provided are not sufficient. For
example, in a medical setting, the environment could be
adapted to train robots to assist with patient care, optimizing
comfort and stress levels for both patients and healthcare
providers. In an industrial context, the framework could
be customized to improve worker safety and efficiency,
such as enhancing robot movements for heavy lifting tasks
or increasing precision in assembly line operations. These
examples show the environment’s versatility, allowing it to
be adapted to various applications and extending its impact
across different domains.

As previously mentioned in the discussion section, creating
realistic testing environments, including virtual reality simu-
lations, is essential for advancing human-robot collaboration.
The development of a virtual reality framework is currently
in progress, designed to simulate real-world scenarios. This
framework aims to provide a safe and controlled environment
for testing robot behavior and interactions with humans.
Future plans include conducting tests with actual human
participants to further validate and refine the system. This
approach can be highly beneficial for other researchers
as well, offering a valuable line of work to develop
and implement various applications, ensuring that robotic
systems are robust and adaptable to real-world conditions.

A future line of work involves testing the system with
real robots in actual physical environments. The framework
has been designed to facilitate this transition from virtual
simulation to real-world application, ensuring that the output
is easily transferable to a real robot. As discussed throughout
this paper, measuring comfort directly from the user is a key
component. This can be achieved through various means,
ranging from a simple button placed next to the user to
more sophisticated methods such as heart rate sensors or
EEG devices. By integrating these real-time measurements,
the system can be fine-tuned to respond accurately to the
user’s comfort levels, thereby enhancing the effectiveness of
human-robot interaction in real-world scenarios.

In summary, this research establishes a foundation for
improving human-robot collaboration by developing an
adaptive framework based on stress levels and comfort
parameters. The experimentation demonstrates that robots
are adaptable, responding effectively to different user-defined
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comfort levels. Future work includes adding new robot
models and environments, integrating virtual reality for
testing, and applying the framework in various fields such
as medical and industrial settings. Although the framework
is prepared for real-world deployment, successful implemen-
tation requires adapting the robot’s controller with the neural
network and securely preparing the real environment. These
steps, combined with real-time comfort measurements, are
essential to ensure effective and safe operation with physical
robots.

This framework shows the potential to enhance human-
robot interaction by making robots more responsive to
individual user needs. Continued refinement and exploration
of new research directions will contribute to developing intel-
ligent, adaptable robotic systems that improve productivity
and user satisfaction across different domains.
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