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Abstract— The challenge of human-robot collaboration, par-
ticularly in the context of enhancing the productivity of work
processes, has been a pivotal area of research and development
for many years. Despite significant advancements, there remains
a substantial gap in the design of these systems to cater
specifically to individuals with disabilities. This paper presents
an innovative approach in assistive robotics, focusing on the
development of a work cell designed to facilitate individuals
with single-arm functionality. Through the integration of depth
camera technology, machine learning algorithms, and Medi-
apipe human tracking, our system is capable of interpreting
human intentions, thereby making interactions with robots
more intuitive and effective. Central to our research is the
design of a specialized workspace that assists in object handling
and incorporates a fully functional One-Handed Soldering Tool,
integrated within a robotic arm setup. This work cell is tailored
for users with limited arm functionality, demonstrating the
system’s versatility and providing invaluable insights into the
practical implementation of applied robotics to bridge the
theoretical and practical aspects of assistive technology.

I. INTRODUCTION

In the current era of technological advancement, robots
are increasingly commonplace in workplaces, leading to a
noticeable decrease in employment opportunities for humans,
particularly impacting older individuals and those with dis-
abilities. This trend highlights a critical challenge: better
integrating aging populations and people with disabilities
into the workforce. The issue is compounded by the global
rise in the aging population and the significant number of
disabled individuals who are unable to find employment
due to physical limitations and the growing preference for
automated processes. One way to ease this integration is to
offer them the possibility of getting a decent job. However,
because of their disability, it can be difficult for them
to perform well in that task compared to those without
disabilities. As a result, it is crucial to find a way to mitigate
this issue by continuously researching for improvement.
One way to help this situation is by designing a system
that could help them manipulate objects and supervise the
work process which will support them in their work so
that they can work effectively even with their limited body
function. To tackle this issue, the concept of work cells

*This work was not supported by any organization

INatchanon Suppaadirek, Raul Ariel Duran Jimenez and Tomohiro
Shibata are with the Department of Life Science and Systems
Engineering, Kyushu Institute of Technology, Fukuoka, Japan.
suppaadirek.natchanon733@mail.kyutech. jp;
jimenez.raul-ariel839@mail.kyutech. jp;
tom@brain.kyutech.ac. jp

2Maximilien Sonnic is with the Department of Human Intel-
ligence Systems, Kyushu Institute of Technology, Fukuoka, Japan.
sonnic.maximilien793@mail.kyutech. jp

979-8-3503-7769-9/24/$31.00 ©2024 IEEE

is gaining traction. A work cell is a thoughtfully designed
workspace that maximizes efficiency and accommodates the
specific needs of all workers, including those with physical
limitations. These spaces are equipped with technology, such
as robotic assistants, to enhance productivity and support the
workforce. There has been much research involving human-
robot collaboration in recent years with different approaches
and methods such as audio, verbal, sensor, and computer
vision. Computer vision with the 3D camera is one of the
most popular methods that has been used [1],[2]. However,
there is very little research that aims toward older or disabled
workers [1]-[5]. Linner et al. have introduced an assisted
workstation, derived from the cell production system, aimed
at supporting the elderly. They have evaluated this system
using design engineering principles. While numerous studies
have focused on cell production systems, no production
system has been specifically proposed to assist individuals
with disabilities [6].

We have been researching and improving the work cell that
is more suitable for older or disabled people by introducing
a work cell that uses a robotic arm as an assistant worker
and creates an environment where tools are placed within
a specific zone that can be easily grabbed by the robotic
arm or the users and also easy to monitor the 3D printer
that has been installed in this work cell. The gripper is also
detachable. In this research, there are two types of grippers,
one for object handling and the other for soldering assistance.
The system will be controlled by computer vision using the
camera to read user movement and command the robotic
arm to provide assistance based on intention reading. Two
types of computer vision have been used in this system : (1)
human body pose detection and (2) human hand detection.
The work cell is designed to support the process without
completing all tasks autonomously, ensuring users remain
actively involved. Also because the main focus is not only
on older people but also disabled people, the system has
been designed based on users that only have one functional
arm which is different from the usual work cell. To make
a workspace with the assistance of a robot, many factors
have to be researched and experimented with to ensure that
the robot will cooperate with humans effectively [7]. Safety
is also one of the most important factors before making a
work cell [8]. The researchers see the opportunity in this
human-robot cooperation field as the robotic arm could be
used to replace or assist the user’s arm; a disabled person
could significantly improve his productivity at work. For
human motion detection which is a crucial part of the system,
some research focuses on human detection. OpenCV and
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mediapipe have been used quite often for human detection
as they provide machine learning to estimate the human
body [9]-[11]. OpenCV is a program used for computer
vision and machine learning, while mediapipe is an open
source for performing computer vision inference. So, in this
research, computer vision can be built using Python code
by combining these two programs to detect the human body
and hand. For video capture, a realsense camera is one of the
best choices as some researchers use this camera as video
feedback data [12],[13]. The realsense camera has tracking
depth technologies which are used for systems that require
depth perception Also, as an assistive robotic, the system’s
function should be able to do more than just handle objects
[14].

II. RELATED WORK

Much human-robot collaboration research that uses human
movement or gestures to control robots has been researched
and published. The system’s central part is to make an
algorithm that reads and collects human gestures and then
uses that data to decode human movement in real time. In
recent years, there has been much research about recognizing
human actions [15]. EL Mehdi Saoudi combines 3D CNNs
with the LSTM-Attention network to model subtle video
patterns underlying accurate action classification [16]. While
this approach has significantly improved over the existing
systems, it comes with a lot of limitations when considering
videos that have more than one action happening in the same
frame. Traditional approaches to interpreting human actions
using handcrafted methods focus attention on some specific
features for analysis in video frames. These techniques are
well studied and used in many instances as benchmark-
ing methods against which newer techniques are evaluated.
[17],[18]. This method has been widely used although the
downside is that it is error prone and very time-consuming.
Then there is machine learning. Machine learning-based
approaches have become more popular for reading human
actions due to machine learning’s ability to learn from
data independently and make precise predictions. Although
these methods have demonstrated promising results, there
remains potential for enhancement in robustness, real-time
processing, and adaptability [19]. Next is deep learning.
Deep learning methods have overwhelmingly outperformed
the traditional approaches for human activity recognition.
These advanced approaches employ neural networks to
learn features directly from video frames so that actions
may be comprehended more sophisticatedly and powerfully
[20],[21]. The second part of the human-robot collaboration
system is to utilize the human intention recognition of robots.

Yalin Cheng, et al. established a framework for human-
robot interaction based on camera images and emphasized
the significance of understanding human intentions and ac-
tions in these interactions which can be used as a case
study for basing human-robot communication through hu-
man movement [22]. Robert Codd-Downey and Michael
Jenkin explored underwater human-robot communication us-
ing divers’ hand signals, applying the Faster-RCNN model

to recognize divers’ gestures in challenging underwater con-
ditions although this system only read hand movement same
as Wen Q4i, et al. who introduced a robot controlled by hand
gestures [23],[24].

Tiangi et al. concentrated on predicting human intentions
by employing advanced neural networks to anticipate human
actions, which is crucial for seamless human-robot collabo-
ration. However, the results indicate that intentions do not
always align with the corresponding action outcomes [25].

Intisar, et al. discussed the application of computer vision
in robot control, showcasing a basic robot arm driven by
a servo motor [26]. Jin, et al. investigated collaborative
work between human teams and robots, employing cameras
for object detection and controllers for assistance [27]. As
described by the state-of-the-art there are human intention or
movement prediction with multiple methods have been used
to communicate with the robot.

In this paper, we propose a work cell that facilitates the use
of a robotic arm as an assistance worker. The robotic arm is
assigned a task by using a depth camera to read user intention
with the use of machine learning. The system recognizes
a specific array of gestures or actions that correspond to
predetermined tasks, so the work process will be more
efficacy.

ITII. SYSTEM ARCHITECTURE

This section introduces the overview system of our re-
search to ensure that it can enable an effective workspace.
All of the systems and subsystems have been explained and
used as a part of the research.

A. Hardware and Workspace frame

The workspace was developed based on the general office
workspace with a computer on the front. An extra frame,
such as tool placement, has been added, allowing the robotic
arm to assist. The concept of a workspace is shown in Fig.
1. In front of the user and on top of the workspace are depth
camera Realsense D435 used for human intention reading
and transferring the information to the Ur3e robotic arm. This
robotic arm has a safety function that will stop the robotic if
it receives external force such as hitting the wall or making
contact with the user’s body. The 3D printer is Creality CR-
30. The computer’s operation system is Ubuntu 20.04.6 LTS
with Processor Intel Core i7-6700 CPU @ 3.40GHz x 8
and Graphic NVIDIA Corporation GM200 [ GeForce GTX
TITAN X.

B. Robotic arm station

The Ur3e robotic arm has been placed on the left side
of the workspace, enabling it to access the tool placement
area and transport tools to the workspace. Three different
control modes have been implemented and tested: Manual,
Automatic Intention Reading, and Hand Tracking Control.
In the Automatic Intention Reading mode, a vision-based
system is utilized. Linking camera information to the robotic
arm required the development of human intention recognition
using machine learning algorithms. For the Hand Tracking
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mode, algorithms for following hand movements have been
developed to move the robotic arm using a camera placed
on top of the workspace, alongside manual control facilitated
by a control pad.

C. 3D printing station

3D printing can be used to produce custom parts based
on 3D modeling. The raw material polylactide (PLA) and
Acrylonitrile Butadiene Styrene (ABS) are used for printing.
The 3D printer is implemented behind the robotic arm, where
The robotic arm has access to grasp ready printed parts out
of the 3D printer and carry them to the workspace.

D. Gripper units

The robotic arm’s gripper was fabricated using 3D printing
and designed for easy detachment and interchangeability
with other types of grippers depending on the work situa-
tion. Two types of grippers were developed: one for object
handling and another for assistive soldering. The use of 3D
printing for the grippers means they can be easily replaced or
repaired, offering flexibility in adapting new gripper models
for various tasks. The grippers are depicted in Fig. 2 and 3.
The model for the soldering gripper is made by reference
from [28]. The model has been modified to be able to be
installed on the robotic arm.

The previously described system outlines the architecture
of an assistive workspace, including the functions and details
of its various sub-systems. Three critical functional systems
have been developed and integrated into a work frame serv-
ing as a working platform: workspace, robotic arm station,
and gripper unit. These critical systems allowed the assistive
human-robot collaboration scenario, while the 3D printing
station is an example of the extra function that has been
added based on the work situation. Also, there is a headset
that provides the user with the ability to control the system
to some extent with voice commands in case some users
are not comfortable using the keyboard or a control pad to
control the system since some users may still have a little
bit control over their another arm while some do not have it
at all. The chair also has a wheel for easy maneuvering.

Work cell

Fig. 1.

~

Fig. 2. Gripper model

> 4

Fig. 3. Gripper model for soldering

IV. HUMAN INTENTION RECOGNITION

Human intention recognition is central to this research,
where human body tracking and pose estimation are applied
across various domains. These versatile techniques include
gaze estimation, head angle positioning, face pose analysis,
and hand signal recognition [15]. However, collecting data
from a camera perspective and converting it into real-world
coordinates is intricate, requiring complex mathematical
formulations. Additionally, relying solely on image data
for machine learning models may yield more than optimal
accuracy, particularly when dealing with intricate scenarios.
The RealSense D435 camera (Intel Corp.) is used for video
capture in conjunction with Mediapipe Holistic. This com-
bination simultaneously captures human facial expressions,
body poses, and hand gestures. Utilizing Mediapipe Holistic
to extract body key points alongside image frames enhances
the analysis of human poses and actions. Extracted key
points offer valuable insights into the spatial configuration of
the body, facilitating an improved understanding of human
movement dynamics.

Fig. 4 shows the workflow of the assistive robotic arm
system. The initial step involves acquiring human gesture
data through a depth camera. Following collection, this
data undergoes processing and analysis to develop machine-
learning models that can decode human gestures. These
models assist the robotic arm in discerning human intentions.

In Fig. 5, Mediapipe Holistic outputs 543 landmarks in
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real-time, comprising 33 pose landmarks, 468 face land-
marks, and 21 hand landmarks per hand. These landmarks
and connecting lines delineate the body, face, and hand
structures.

Given the focus on single-handed interaction in this re-
search, hand tracking is only done with one hand. This
system utilizes a set of 522 landmarks for its operations.
Data from the depth camera, capturing key point information,
is categorized into frames, classes, and coordinates in three
dimensions: X, Y, and Z. The ’X’ axis details the landmark’s
horizontal positioning from the camera’s perspective, 'Y’
outlines its vertical placement, and ’Z’ conveys the land-
mark’s depth, indicating its distance from the camera. This
data helps construct an accurate three-dimensional model of
human poses. The coordinates range from ”X1, Y1, Z1” to
”X522, Y522, 7522 where, for example, "X1, Y1, Z1”
marks the position of the first landmark and so on, up to the
522" landmark. Additionally, a visibility metric, denoted as
”V,” is assigned to each landmark to denote its visibility in
the camera’s frame. A landmark might not be visible due
to occlusion or the body, face, or hand’s orientation relative
to the camera. Visibility is crucial for understanding which
body, face, or hand parts are detectable at any given time
and can influence the accuracy of hand tracking and gesture
recognition accuracy. The visibility values, from “V1” to
V522 identify the visibility status from the first to the
522" Jandmark, factoring in potential obstructions or the
angle of the hand relative to the camera.

The subsequent phase involves training the collected data
using supervised learning, as this method is effective in
learning mappings between input features and predefined
intention labels. In this research, researchers conduct a series
of experiments wherein a set of gestures are performed and
analyzed. There are 13 subjects with 26 specific tasks in the
data-collecting process. At the end of data collection, there
were a total of 80,523 image frames. The analysis of this data
is conducted using five distinct machine learning algorithms:
logistic regression, ridge classifier, random forest, gradient
boosting, and support vector machines. Each algorithm is
carefully fine-tuned to achieve optimal performance. After
the fine-tuning process, the algorithms are combined into a
more cohesive system through a VotingClassifier approach,

Human intention
" ROS Nodes
recognition - -
. / Y
Co.llect lm'ma'n key Qol.nt / ROS Master |
with mediapipe holistic Registration A 4 Registration
for each specific gesture S
.
Using machine learning Robotic arm ROS Message
with collected data set Robotic arm T ——
control (Moveit) eal-time Human pose
l ion (Media pipe)
Gripper control
(Standard
Firmata)
Save model Load model

Fig. 4. Workflow of the human intention recognition system

Fig. 5.

Mediapipe holistic

significantly improving the system’s reliability for gesture
recognition. The performance of the integrated system is
verified through cross-validation, with the final models being
preserved for implementation in a human intention recogni-
tion system.

After training and testing, the system is implemented in a
camera-equipped robotic arm. This setup enables the robotic
arm to interpret human gestures, thereby enhancing its ability
to anticipate the subsequent task, as depicted in Fig. 6.

For instance, if the user has a desire to write on paper or a
book in Fig. 6, the robotic arm will respond by retrieving a
pen from the equipment station and delivering it to the user,
as demonstrated in Fig. 7.

V. HAND TRACKING SUBSYSTEM

Before developing the human intention recognition sys-
tem, researchers have been studying hand-tracking robotic
arm control systems [29]. This system has been included
in the assistive system as, in some situations, controlling
a robotic arm by hand can be helpful. Fig. 8 shows the
hand-tracking control system. In this system, “Auto” and
”Manual” are recognized as one of the distinct user inten-
tions. The ”Auto” mode enables the system to automatically

0.56 Writing

e
(x=634, y=119) ~ R:153 G:153 B:153

Fig. 6. Example of gesture reading
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Fig. 8.

Teleoperation control

understand and respond to human intentions using human
intention recognition. On the other hand, the "Manual” mode
allows users to directly control the robotic arm through hand
movements, offering a more hands-on approach. This dual-
mode capability ensures the system is versatile and can adapt
to different user preferences and situations.

This system uses a Realsense camera placed on top of
the workspace to track the user’s hand with mediapipe hand
tracking and create reference points on the center of the
backhand, which controls the robotic arm’s end effector. The
program calculates the distance difference of the reference
point when the user moves their hand and sends it to the
robotic arm to move based on the value of that difference.

VI. EXPERIMENT

This research involves experiments with a controlled
robotic arm that recognizes human intentions. Various func-
tions of the system need testing and evaluation.

The effectiveness of the system in predicting human
intentions was evaluated through experiments with healthy
participants simulating single-arm functionality by hiding
their left hand. The participants were asked to carry on

different movements and postures to examine if the system’s
performance dependency varies with the distance and angle.
Nevertheless, participants were healthy individuals, yet their
design of the experiment had conditions that approximated,
to a great extent, the experience of the target population.
The use of healthy participants was justifiable based on the
preliminary nature of the study and the need to ensure the
basic functionality and safety of the system before trials
with the actual target population. A total of five healthy
individuals, all males within the age range of 22-29 years,
participated in this study. All subjects were either lab mem-
bers or acquaintances of the experimenter and were fully
briefed on the purpose of the experiment, the safety measures
taken, and the confidentiality of their data.

The following specific gestures were used while con-
ducting the experiments, as shown in Fig. 9. Table I out-
lines the probability percentages for these gestures across
different participants. Note that, in this experiment, only
the human intention reading system is tested, not moving
the robotic arm. This experiment only tested the human
intention reading system without moving the robotic arm.
It is important to note that two participants did not con-
tribute to data collection. Except for Participant 5, who
was involved in the programming process, no participants
received a prior briefing. This selection aimed to maintain
experiment accuracy and evaluate the system’s usability by
comparing results between informed and novice users. The
system was set to capture and display all possible readings
without filtration, such that it would even capture the least
probable classifications if they had the highest probability.
The subjects have also been requested to keep an eye on
the screen as well as ensure that the intention written on the
screen is accurate as the aim of this experiment is also to
determine the optimal working position of each participant.
The data summarized in Table I highlights the consistency in
accuracy rates across different posture frames, emphasizing
the system’s adaptability and reliability in understanding
human intentions in various scenarios.

Following the gesture recognition tests, the system’s inte-
gration with a robotic arm was evaluated in practical settings.
All the tasks performed in this phase are the same as the
first experiment except this time the human intention reading
system is connected to the robotic arm control program.
This time the participants were asked to focus more on the
task than monitor to simulate the real working situation.
The system validated 20 consecutive image frames of user
intentions, and consistent classification is to be made sure it
was the correct intention before the command is passed on to
the robotic arm control program. The tasks performed are the
basic actions of opening and closing the gripper by showing
five fingers and holding gesture, moving the robotic arm to
the prescribed positions by showing one to four fingers and
offering it upwards, downwards, to the left side, to the right
side, forward and backward, and passing it by gestures of
hands.

There are also complex tasks that were tested, such as
requesting and returning equipment to the tool station. For
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Fig. 9.

example, the robotic arm transferred the box, containing
bolts, to the user when the user used a screwdriver to as-
semble something that matched with the “Driver” command.
”Auto” and "Manual” are for switching between when the
robot recognizes human intention to control and when it
recognizes hand tracking to control it, and “Leave” is the
mode that is initiated when the user is leaving the workspace
to shut down the program. These procedures were carried out
ten times per subject, and the results are shown in Table II.

The soldering machine experiment is also included in
this section of the experiment by changing the gripper
and studying two intended actions (“Feeding” and Stop
Feeding”) to control the soldering material feeding. Two
methods were evaluated: (1) moving the circuit board while
the robotic arm remained stationary, and (2) keeping the
circuit board stationary while the robotic arm moved to
the desired position. Fig. 10 shows the robotic arm with a
soldering assistant gripper.

Table II demonstrates the significant influence of the
user’s position relative to the camera on detection accuracy.

0.31 Forward 5 Forward

All human gestures in experiment

Notably, Participant 5, an author of this paper, completed
all tasks due to a thorough understanding of the system’s

Fig. 10. Solder experiment
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TABLE I
HUMAN INTENTION POSSIBILITY READING

TABLE II
ROBOTIC ARM TASK SUCCESS RATE

Human intention Test Subject Human intention Test Subject
Subjectl | Subject2 | Subject3 | Subject4 | Subject5 Subjectl | Subject2 | Subject3 | Subjectd | Subject5
Hold 0.23-0.49 | 0.26-0.72 | 0.26-0.45 | 0.18-0.54 | 0.19-0.46 Hold 100 100 100 80 100
Writing 0.15-0.77 | 0.33-0.48 | 0.18-0.35 | 0.18-0.77 | 0.19-0.79 Writing 100 70 100 80 100
Collect pen 0.23-0.64 | 0.31-0.61 | 0.29-0.39 | 0.31-0.61 | 0.35-0.58 Collect pen 100 90 90 100 100
Tape 0.36-0.52 | 0.29-0.47 | 0.21-0.36 | 0.17-0.41 | 0.25-0.45 Tape 90 80 100 100 100
Collect tape 0.23-0.46 | 0.25-0.46 | 0.46-0.52 | 0.36-0.55 | 0.31-0.45 Collect tape 100 80 100 100 100
Driver 0.20-0.46 | 0.37-0.56 | 0.22-0.38 | 0.32-0.46 | 0.28-0.68 Driver 100 100 90 80 100
Collect driver 0.18-0.55 | 0.38-0.42 | 0.34-0.45 | 0.26-0.45 | 0.26-0.66 Collect driver 90 100 80 90 100
Need assist 0.28-0.69 | 0.36-0.65 | 0.36-0.76 | 0.28-0.45 | 0.37-0.69 Need assist 100 100 100 100 100
Screw 0.19-0.32 | 0.23-0.45 | 0.18-0.30 | 0.27-0.38 | 0.22-0.36 Screw 80 90 70 100 100
Up 0.31-0.56 | 0.55-0.66 | 0.36-0.53 | 0.36-0.56 | 0.31-0.53 Up 100 100 80 100 100
Down 0.20-0.49 | 0.24-0.37 | 0.23-0.35 | 0.31-0.49 | 0.12-0.48 Down 100 80 80 80 100
Left 0.19-0.60 | 0.31-0.51 | 0.15-0.33 | 0.40-0.66 | 0.31-0.50 Left 100 90 100 100 100
Right 0.20-0.65 | 0.20-0.41 | 0.12-0.32 | 0.22-0.51 | 0.28-0.74 Right 100 90 90 100 100
One 0.20-0.38 | 0.20-0.45 | 0.14-0.38 | 0.22-0.36 | 0.13-0.48 One 100 90 70 100 100
Two 0.20-0.36 | 0.25-0.41 | 0.15-0.36 | 0.22-0.38 | 0.30-0.52 Two 100 70 50 90 100
Three 0.17-0.27 | 0.18-0.23 | 0.22-0.40 | 0.27-0.33 | 0.16-0.42 Three 100 50 50 80 100
Four 0.21-0.30 | 0.34-0.47 | 0.28-0.33 | 0.28-0.35 | 0.15-0.46 Four 100 90 80 100 100
Five 0.15-0.35 | 0.16-0.47 | 0.13-0.46 | 0.22-0.40 | 0.16-0.50 Five 100 80 100 95 100
Manual 0.16-0.45 | 0.34-0.46 | 0.17-043 | 0.16-0.42 | 0.31-0.50 Manual 100 100 90 90 100
Auto 0.24-0.46 | 0.25-0.47 | 0.34-0.82 | 0.27-0.50 | 0.24-0.63 Auto 90 100 100 100 100
Leave 0.15-0.28 | 0.23-0.34 | 0.21-0.35 | 0.23-0.34 | 0.21-0.39 Leave 100 100 100 100 100
Ok 0.25-0.27 | 0.25-0.38 | 0.20-0.42 | 0.27-0.42 | 0.25-0.48 Ok 100 100 100 100 100
Feeding 0.15-0.34 | 0.11-0.32 | 0.17-0.32 | 0.23-0.42 | 0.16-0.32 Feeding 60 70 80 90 100
Stop Feeding 0.17-0.36 | 0.14-0.35 | 0.12-0.31 | 0.16-0.29 | 0.14-0.31 Stop Feeding 70 70 80 60 100
Forward 0.18-0.34 | 0.18-0.34 | 0.15-0.35 | 0.13-0.34 | 0.15-0.32 Forward 70 60 80 70 100
Backward 0.18-0.36 | 0.15-0.32 | 0.14-0.28 | 0.14-0.35 | 0.16-0.34 Backward 70 60 70 60 100

requirements and optimal gesture positioning. In contrast, the
other participants, including Participant 1, with a notably pe-
tite stature and smaller hands, encountered challenges. These
were very apparent in the case of distinguishing between
similar gestures; thus, misreading occurred several times in
the real-time testing. Also, during the soldering machine
experiment, it was observed that the gesture recognition had
less reading performance than the other because the user
needed to move their hand quite often to simulate the real
soldering process and solder lead occasionally missed the
head of the soldering machine due to its soft and easily
bendable nature. Additionally, the robotic arm’s range of
movement was limited in certain scenarios, which impacted
the overall task performance.

VII. CONCLUSIONS

In this research, we developed a vision-based system de-
signed to recognize human intentions and anticipate desired
actions, particularly to assist individuals with limited use of
one arm in performing work-related tasks. This system was
successfully integrated with a robotic arm, demonstrating
its potential to enhance workplace functionality for people
with physical impairments. Our focus on work-related tasks,

rather than everyday activities, highlights the system’s appli-
cation in environments where physical limitations could im-
pede productivity. The integration of a One-Handed Solder-
ing Tool with the robotic arm underscores the system’s adapt-
ability and practical applicability across different tasks. The
experimental results indicate that users need initial guidance
to effectively operate the system, including understanding the
necessary movements, positioning, and the range of tasks the
robotic arm can perform. Additionally, our findings reveal
a gap in the system’s performance concerning individuals
with smaller body frames, indicating a need for further
data collection and refinement to improve accuracy for this
demographic. Finally, while the gripper model demonstrated
utility, there is room for improvement to enhance its perfor-
mance further. These insights will guide future developments
aimed at making the system more inclusive and efficient for
a broader range of users.
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