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Abstract. This paper presents the development and implementation of a teleoper-
ation system using motion capture methodologies for the Baxter robot. The system
utilizes a Microsoft Kinect V2 camera to capture human motion data and trans-
lates it into robot joint angles in real time, enabling intuitive control of the robot’s
movements. A function approximation technique (FAT) based controller was im-
plemented to enhance the system’s stability and performance while compensating
for unknown dynamics. The mathematical framework incorporates the Denavit-
Hartenberg model for mapping human arm movements to the robot’s 7-DOF struc-
ture, along with space vector calculations for joint angle determination. Experi-
mental results demonstrate successful real-time motion replication across multiple
joint configurations, with the robot effectively mimicking human arm movements.
Data analysis of joint positions, velocities, and accelerations confirms the system’s
capability to maintain accuracy while managing inherent challenges such as net-
work latency and motion jittering. The developed system proves efficient and cost-
effective, utilizing readily available hardware components while achieving reliable
performance. This work contributes to advancing human-robot interaction in ap-
plications where direct human presence may be hazardous or impractical, offering
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potential benefits across industries including manufacturing, healthcare, and haz-
ardous environment operations.

Keywords: Teleoperation, motion capture, function approximation technique
(FAT), Baxter robot, human–robot interaction, neural networks
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1 INTRODUCTION

Technological advancements in the field of robotics have enhanced and influenced
the integration of automation in fields ranging from manufacturing to healthcare
services. These advancements have created a variety of applications to use in order
to achieve the desired outcomes with maximum possible efficiency. Among various
robotics applications, teleoperation systems stand out for their ability to enable
human operators to control robotic systems remotely, combining the precision of
a robot with human adaptability. This teleoperation system allows users to execute
complex tasks in dangerous situations without the risk of being harmed. For exam-
ple, a review conducted on the use of teleoperation methods for heavy machinery
in the field of construction stated that implementing teleoperation systems allows
workers to perform tasks in dangerous or remote construction environments, which
enhances safety and efficiency [1].

The effectiveness of these systems depends heavily on the accuracy and speed
with which human movements are captured and translated into robotic movements.
This dependence on the speed and accuracy of the data captured creates a limitation
in real-life scenarios, as delay and background noise could be present and could
complicate the process for the sensors used. These limitations create a bubble that
surrounds these technologies where, for these technologies to be implemented, it
would require expensive tools and experienced personnel, which would be difficult
to implement in industries. It would be easy to implement if the robot would not
require expensive equipment, while maintaining the ability to translate the human
motion perfectly and obtain the ability to adapt to the surroundings. In other words,
it would be best for robots to be able to recreate human motion in real time without
expensive and complex equipment.

The motion capture methodologies can be narrowed down to two main systems:
wearable sensors-based systems and vision-based systems. The wearable sensor-
based systems can be described as sensors attached to the users’ body to capture
the precise skeletal movement; however, they require a complex setup, and they are
labelled as disturbing which makes them less ideal for applications that require user
comfort and simplicity [2]. The vision-based systems are described as a system which
rely on cameras and depth sensors to capture the user’s motion without requiring
physical attachments or markers. These systems are simple and cost-effective, which
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makes them suitable to be used for teleoperation without complex and expensive
setup. However, their dependability on the lighting available in the place of use
affects the tracking accuracy in a dynamic environment [3].

In this paper, an experiment was conducted on the Baxter robot to test the
response levels of the robot and to test if the robot will be able to successfully mimic
the user’s movements in real time. The paper will consist of a review, methodology,
results, and the conclusion sections, where all the experiment’s details, procedure,
and results will be explained thoroughly for the reader.

2 RELATED WORKS

Teleoperation and motion capture can be classified as two separate technologies that,
through enhancement and the evolution of modern technology, have gone through
different forms. Teleoperation systems were developed to enable human operators
to control robots in various environments, especially in environments where it is
dangerous for the operator to achieve the desired task. The integration of mo-
tion capture methodologies with robotic systems enhances the field of teleopera-
tion of robotics, offering more interactive and precise control mechanisms. This
literature review examines the current state of teleoperation systems, focusing on
motion capture-based approaches and their application to the Baxter robot plat-
form.

2.1 Early Development of Teleoperation Systems

The concept of teleoperation, or remotely controlling machines, was created, or
discovered, in the middle of the 20th century when an engineer named Raymond
Goertz developed the master–slave manipulators at Argonne National Laboratory
in 1949 [4]. This mechanical system, designed to handle radioactive material, em-
ployed direct mechanical linkages between the operator’s control device and the
remote manipulator which helped to establish the foundation of the master–slave
connection that continues to influence modern-day systems [5]. In 1954, Goertz
developed the mechanical system into an electro-mechanical system, model E1, by
introducing the servo control mechanisms and separating the master and slave com-
ponents physically, thus allowing for a greater flexibility in operation [5].

Using prior advancements like Goertz’s invention, the space race in the 1960s
and 1970s have significantly accelerated the teleoperation development. NASA’s
investment in the teleoperation technology for space exploration led to numerous
innovations, including supervisory control systems and predictive displays to com-
pensate for the communication delays and to improve operational efficiency [6].
Bilateral control schemes also emerged, allowing force feedback to the operator, en-
hancing precision and task performance [6]. In the 1970s, the integration of haptic
feedback systems was introduced, allowing operators to feel tactile sensations from
remote environments. This breakthrough improved precision and control, paving
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the way for advanced applications in fields such as medical surgery, where surgeons
could perform complicated and delicate procedures remotely, and underwater explo-
rations, allowing for complex operations in deep-sea environments [7].

In the 1980s, the rise of computer-aided systems showed significant advance-
ments in teleoperation technology. Digital control and graphical interfaces were
introduced, allowing for real-time data processing and more intuitive user interac-
tion, which improved the efficiency and ease of use [8]. This period also brought
the development of shared control architectures, where automated functions worked
alongside operator commands, particularly benefiting underwater operations like
offshore oil exploration [9]. Additionally, underwater robotics progressed with the
widespread use of remotely operated vehicles (ROVs). These ROVs became essen-
tial for marine research and industrial tasks, such as inspecting pipelines, enabling
operators to work effectively in harsh underwater environments without needing to
be physically present [10].

In the 1990s, advancements in virtual reality and haptic feedback technologies
enhanced teleoperation systems, creating more immersive and user-friendly inter-
faces. This period also saw the introduction of Internet-based teleoperation proto-
cols, enabling long-distance operation but presenting challenges such as time delays
and network reliability [11]. During this time, teleoperation systems began incor-
porating semi-autonomous capabilities, allowing robots to perform routine tasks
independently, with human input reserved for more complex operations. These in-
novations expanded the applications of teleoperation, especially in areas requiring
precision and safety [12]. Additionally, improved communication technologies led
to the rise of telepresence systems, which gave operators a sense of being present
in remote environments. This proved especially useful in high-risk situations like
disaster response and military operations, where minimizing human exposure was
critical [13].

2.2 Motion Capture Systems

Optical motion capture systems have transformed how human movements are con-
verted into robot commands. These systems use special cameras to track markers
or key features on the operator’s body with high accuracy. High-speed cameras,
working at up to 480Hz, capture the 3D positions of reflective or active markers, al-
lowing real-time motion tracking with precision up to sub-millimetre levels [14, 15].
Advanced systems use algorithms to identify markers and reconstruct their paths,
solving issues like marker overlap or noise. Modern marker-less systems now use deep
learning to get skeletal data directly from RGB or RGB-D camera feeds, removing
the need for physical markers while keeping a high level of accuracy. Advances in
computer vision and AI have made these systems effective even in poor lighting or
complex environments. Using multiple cameras, up to 24, provides better cover-
age and redundancy. Many systems now include real-time calibration to adjust for
camera movement and environmental changes, maintaining accuracy during long
use [15, 16].
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Inertial measurement technology has become a powerful alternative to optical
motion capture systems, offering notable advantages in mobility and operational ver-
satility. Modern inertial measurement unit (IMU)-based systems utilize miniatur-
ized micro-electromechanical systems (MEMS) sensors, combining accelerometers,
gyroscopes, and magnetometers to deliver detailed motion data. These systems ex-
cel in tracking complex movements with high temporal resolution, often sampling
at frequencies above 1 000Hz [17, 18].

Recent advancements in sensor fusion algorithms have significantly enhanced
the accuracy of IMU-based systems. Sophisticated Kalman filtering techniques,
integrated with biomechanical models, enable precise estimation of joint angles and
body segment positions. Additionally, the incorporation of magnetometers, although
their performance can be affected by magnetic interference, provides an absolute
reference for orientation, particularly in industrial environments [18, 19].

Hybrid systems that integrate IMU and optical technologies have shown con-
siderable potential in teleoperation applications. These systems combine the high
update rate and robustness of IMUs with the drift-free precision of optical systems.
Through advanced integration algorithms, hybrid systems optimize the fusion of
data from both sources, delivering motion tracking capabilities that surpass the
limitations of standalone technologies [20].

2.3 Baxter Robot

The Baxter robot represents a milestone in the field of collaborative robotics, de-
signed to enable safe and efficient interaction with humans in shared workspaces.
Each of its dual arms is equipped with seven degrees of freedom, closely replicating
the kinematics of human arms and facilitating the execution of complex manipu-
lation tasks. The inclusion of series elastic actuators provides inherent mechani-
cal compliance, which enhances safety while maintaining a positioning accuracy of
±5 mm [21].

The control system of Baxter is built on the Robot Operating System (ROS),
offering flexibility for integration with external devices and the development of cus-
tom software solutions. The platform includes integrated force sensing at each joint,
enabling precise force control and reliable collision detection. Its end effectors are
designed to be modular, allowing customization with various tools and sensors to
adapt to specific task requirements [21].

Safety is a cornerstone of Baxter’s design, with a robust control system incorpo-
rating multiple layers of safety features. These include velocity and force monitoring,
joint-level impedance control, and emergency stop mechanisms. Additionally, ad-
vanced trajectory planning algorithms are employed to generate smooth and natural
motion while strictly adhering to safety constraints. This combination of features
makes Baxter a versatile and reliable platform for collaborative tasks [21]. The
Baxter robot has proven to be a versatile platform utilized across a wide range of
research domains, particularly excelling in teleoperation and collaborative tasks. In
manufacturing, Baxter’s compliant control capabilities have been employed in sys-
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tems designed for complex assembly tasks. These systems enable precise part mating
while ensuring safe interaction with human operators, making Baxter an effective
tool for shared workspaces [22].

In healthcare, researchers have explored applications such as rehabilitation exer-
cises and medical training simulations, leveraging Baxter’s programmable impedance
and inherent safety features. These attributes allow the robot to safely interact
with patients or trainees, providing a controlled environment for learning and ther-
apeutic exercises [23]. The educational sector has greatly benefited from Baxter’s
user-friendly programming interface and integrated safety features. Studies indicate
that hands-on interaction with Baxter significantly improves students’ understand-
ing of robotics concepts, including kinematics, dynamics, and control theory [24].
The robot’s intuitive design makes it an effective teaching tool for both beginners
and advanced learners.

Additionally, Baxter’s dual-arm configuration has enabled innovative research
into coordinated manipulation tasks. Researchers have developed novel control
strategies for bimanual operations, particularly in scenarios requiring complex ob-
ject manipulation or tool use. This capability has expanded the robot’s applicability
to tasks demanding high levels of coordination and dexterity, further demonstrating
its research potential [25].

2.4 Integration of Motion Capture with Baxter

The integration of motion capture data with Baxter’s control system has introduced
both challenges and opportunities in teleoperation research. Mapping human mo-
tion to robotic movements requires advanced algorithms that account for differences
in kinematics, workspace constraints, and dynamic limitations. Researchers have
explored various strategies to overcome these challenges, tailoring their approaches
to specific applications.

Direct joint mapping strategies establish a one-to-one correspondence between
human and robot joint angles. While this method provides intuitive control for
operators, it must address discrepancies in joint configurations and ranges of motion
between human and robotic arms. To overcome these issues, advanced algorithms
employ optimization techniques to resolve redundancies, maintain natural motion,
and respect joint limits while avoiding singularities [26].

Task-space control methods have proven especially effective for teleoperation.
These techniques map human hand movements to robot end-effector positions us-
ing inverse kinematics to compute appropriate joint configurations. Recent ad-
vancements in task-space control include impedance modulation, enabling the robot
to adapt its responses based on task requirements and environmental interactions,
which enhances flexibility and precision [27].

Optimization-based mapping approaches consider multiple objectives simultane-
ously, such as task efficiency, energy conservation, and operator ergonomics. These
methods utilize real-time optimization to generate robot trajectories that meet de-
fined goals while ensuring smooth, natural movements. Incorporating machine learn-
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ing techniques has further improved the prediction of operator intent, resulting in
more fluid and responsive robot behaviour [28].

The implementation of effective real-time control systems in teleoperation re-
quires addressing multiple factors that influence system performance. Modern tele-
operation systems for Baxter utilize advanced state estimation algorithms to com-
bine data from various sensors, ensuring accurate and robust motion tracking. These
systems must process operator inputs with minimal latency to maintain stability and
safety during operation [29].

Feedback mechanisms are integral to teleoperation performance, providing op-
erators with critical information about the robot’s state and task execution. Visual
feedback systems have advanced from basic camera feeds to augmented reality (AR)
overlays that display task-relevant data, such as force vectors, proximity warnings,
and execution progress. Some systems have incorporated predictive displays that
address communication delays by presenting anticipated robot positions based on op-
erator inputs, enhancing responsiveness and precision [30]. Force feedback systems
play a vital role in conveying haptic information about the robot’s interaction with
its environment. By leveraging Baxter’s integrated force sensing capabilities, these
systems provide operators with real-time feedback, improving task performance and
situational awareness. Recent innovations have also explored vibrotactile feedback
as an alternative or complementary method to traditional force feedback, offering
a different modality for conveying interaction cues and enhancing operator expe-
rience [31, 32]. Compared with previous Kinect-based teleoperation systems [33],
our approach integrates an FAT-based adaptive control strategy to improve mo-
tion stability under network-induced jitter and simplifies real-time joint mapping
through a space-vector method without requiring additional IMU sensors, achieving
a cost-effective yet accurate teleoperation framework.

3 PRELIMINARIES

The experimental setup consists of three main components: a motion capture system
utilizing Microsoft Kinect V2, a control PC running the motion capture software,
and a dedicated Linux-based workstation controlling the Baxter robot. These com-
ponents are interconnected via a local router to facilitate data transmission between
the motion capture and robot control systems. The overall setup can be found in
Figure 1.

3.1 Kinect and SDK

The Microsoft Kinect 2nd generation (V2) camera was utilized in the teleoperation
control system to capture the operator’s movement in 3D. The reason for this choice
is due to the Kinect’s cheap price and output accuracy. In a study [34], the author
concludes that the Kinect V2 camera offers enhanced depth sensing accuracy, higher
resolution, improved tracking of additional skeletal nodes, better performance in
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Figure 1. System architecture of the Kinect-based teleoperation framework: The Kinect
V2 sensor captures skeletal data at 30Hz, processed via the Kinect SDK and transmitted
to the host PC; processed joint angles are relayed to the Baxter robot controller through
the ROS communication framework (UDP protocol). Within the Baxter system, an FAT-
based adaptive control loop operates at 100Hz to ensure stable joint tracking and smooth
motion replication. The diagram illustrates the real-time data flow, encompassing skeletal
data acquisition, joint angle computation, network transmission, and robot control execu-
tion.

capturing dynamic motions, reduced stray motion errors, and increased precision
in motion asymmetry analysis, making it significantly more suitable for detailed
real-time applications than the previous versions. The Kinect V2 camera, as shown
in Figure 2, consists of three components: RGB camera, Depth sensor, and the
microphone array. As the microphone array is not included in the experiment, the
main components needed is the camera and the depth sensor. The RGB camera in
the Kinect sensor captures colour images of the surroundings, which helps provide
visual context and supports the mapping of skeletal joint positions in alongside depth
information data. The Kinect V2 depth sensor uses time-of-flight (ToF) technology,
where an infrared emitter projects light into the environment, and an infrared camera
captures the reflected light to calculate depth based on the time it takes for the light
to return, enabling the creation of detailed 3D maps [34, 35].

The Kinect V2 sensor employs an infrared emitter and depth sensor to capture
3D data, which is processed through the Kinect SDK’s advanced skeletal tracking
algorithms. The SDK utilizes machine learning models to map raw depth data
onto a predefined human skeletal structure, identifying and tracking 25 key joints
in real time. It integrates flawlessly with Microsoft Visual Studio C++, allowing
developers to access, customize, and utilize the skeletal data for applications such as
teleoperation systems to accurately interpret and replicate human movements [34,
36, 37].

One limitation of using a single Kinect V2 sensor is its susceptibility to occlu-
sion. During complex gestures, fast arm movements, or when the operator’s body
partially blocks the sensor’s line of sight, the skeletal tracking may temporarily fail,
causing a brief loss of joint data. In addition, the Kinect V2 has inherent field-
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of-view (FOV) constraints; since its effective depth sensing angle is approximately
70 degrees horizontally and 60 degrees vertically, the operator must remain within
a limited workspace to ensure stable tracking. Moreover, the system performance is
sensitive to environmental lighting conditions. Dynamic illumination changes, low-
light environments, or reflective surfaces can introduce depth measurement errors
and degrade tracking accuracy.

To address these limitations, future versions of the system could incorporate
multi-sensor fusion techniques by combining data from multiple Kinect sensors or
integrating additional vision-based or inertial measurement units (IMUs). Such
enhancements would provide a wider tracking range, reduce occlusion effects, and
improve robustness under varying environmental conditions.

Figure 2. Kinect V2 camera

3.2 ROS/Rospy

In this paper, ROS (Robot Operating System) and its Python client library, Rospy,
play a pivotal role in enabling the teleoperation of the Baxter robot. The Kinect V2
sensor captures 3D skeletal data of the human operator, which is processed using
the Kinect SDK to generate joint angles. This data is transmitted to the robot
through ROS’s communication framework. Using Rospy, nodes are created to han-
dle the flow of information: one node publishes the joint angle data in real time to
a designated ROS topic, while another node running on the Baxter robot subscribes
to this topic to receive and process the data. The subscriber node converts the joint
angles into robot-specific commands, allowing the Baxter robot to accurately mimic
the operator’s movements. This integration of ROS and Rospy ensures flawless com-
munication, modularity, and real-time synchronization between the human motion
input and the robot’s output, making it a robust solution for teleoperation [38, 39].

3.3 Baxter Robot

The Baxter robot, developed by Rethink Robotics, is a versatile dual-arm humanoid
robot designed for research and industrial automation. Each of its two arms offers
seven degrees of freedom, allowing for complex manipulation tasks. Equipped with
cameras and force-sensing actuators, Baxter can adapt to changes in its environment,
enhancing its ability to work safely alongside humans [40]. Its user-friendly interface
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Figure 3. Baxter robot

enables programming through direct manipulation of its arms, eliminating the need
for extensive coding. Baxter operates on the open-source Robot Operating System
(ROS), facilitating integration with various software and hardware components [21].
As shown in Figure 3, the Baxter robot arm’s seven degrees of freedom can be
described as: shoulder joint: sj0, sj1, sj2; elbow joint: ej0, ej1; wrist joint: wj0, wj1,
wj2. Each joint can be driven individually while being controlled in torque and in
position mode to provide an ability for complex manipulation tasks as previously
mentioned.

3.4 Network System

In the experimental setup, a router facilitates communication between two com-
puters: one controlling the Baxter robot via a wired LAN connection, and the
other connected to a Kinect camera through Wi-Fi. This configuration enables the
transmission of data between the Kinect and the Baxter robot’s control system.
Implementing the User Datagram Protocol (UDP) for this communication ensures
low-latency data transfer, which is crucial for real-time teleoperation tasks [41].

4 METHODOLOGY

The methodology of the teleoperation system developed in this research was struc-
tured upon Li et al.’s research, were their project aims, and structure aligns with
the aims and structure of this project. Their work demonstrated the feasibility of
using Kinect V2 sensor for real-time motion capture in human-robot teleoperation
systems [33]. In the next sections of the methodology, the mathematical calculations
and further explanation of the model used are viewed.
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4.1 Human Arm Kinematics and Motion Mapping

The human arm can be structurally simplified as a rigid body system consisting
of three primary joints: the shoulder, elbow, and wrist. This simplification of the
human arm aids in translating the human arm motion into a mechanical motion
which would develop the ability for the robot to understand and mimic the operator’s
motion in real time. In relation to the kinematic properties of a human arm, the
arm operates with seven degrees of freedom (DOF): three degrees of freedom at the
shoulder joint, two at the elbow joint, and two at the wrist joint. This would allow
for a wide range of motion and flexibility [33, 42].

Figure 4. D-H model schematic [42]

The Denavit-Hartenberg (D-H) model, introduced by Denavit and Hartenberg
in 1955 to simplify the mathematical representation of kinematic chains, simplifies
the computation of kinematic relationships between joints and links of a robot by
representing each joint and link using four parameters (d, β, a, α) [42, 43]. In this
study, the D-H model serves as the basis for mapping human arm movements, cap-
tured using motion capture technology, to the 7-DOF robotic arm of the Baxter
robot. This approach leverages the D-H model’s ability to replicate human-like
kinematic behaviour, ensuring precise and intuitive teleoperation. Figure 4 shows
the D-H model of a human arm along with a table of the parameters of the D-H
model [42].

The D-H model in Figure 4 shows the point Ob as the origin of the shoulder joint
and the origin where the co-ordinate system to be established from for the arm. The
Zb axis of the origin Ob is in the upward direction; Xb axis is in the horizontal right
direction; Yb axis is in the horizontal facing direction in reference to the origin point.
Using the same procedure, the co-ordinate system was established for the elbow and
wrist joints with lu, ll, and lh marking the length of the upper arm, forearm, and
the hand, respectively [42]. D-H parameters are shown in Table 1.
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i(T i−1
i ) θi di ai αi

0 −90◦ 0 0 −90◦

1 θ1(90
◦) 0 0 90◦

2 θ2(0
◦) 0 0 −90◦

3 θ3(90
◦) lu 0 90◦

4 θ4(0
◦) 0 0 −90◦

5 θ5(−90◦) ll 0 90◦

6 θ6(90
◦) 0 0 −90◦

7 θ7(0
◦) 0 lh 180◦

Table 1. D-H model parameters [42]

To accurately describe and analyse the position of the human arm during motion,
the space vector method was utilized to calculate joint angles. Avoiding complicated
geometric calculations, this method simplifies the process by focusing on the spatial
relationships between joints. Using the Cartesian coordinates of joint positions
captured by the Kinect sensor, the distance between two points can be calculated.
In two-dimensional space, the distance (d1) is found using the formula:

d1 =

√︂
(xb − xa)

2 + (yb − ya)
2. (1)

For three-dimensional space, the distance (d2) includes the Z-axis:

d2 =

√︂
(xb − xa)

2 + (yb − ya)
2 + (zb − za)

2. (2)

These distances describe the length of the vectors connecting the joint points
(xa, ya, za) and (xb, yb, zb) in a Kinect co-ordinate system. To calculate the joint
angles, the vector angle formula, Equation (3), was utilized where the vector angle
can be calculated using the skeleton joint data obtained by Kinect [33].

cos
⟨︂−→a ,

−→
b
⟩︂
=

−→a •
−→
b

|−→a | •
⃓⃓⃓−→
b
⃓⃓⃓ . (3)

Using the vector angle formula, −→a and
−→
b represent the vectors formed by

the joint coordinates, and the dot product gives the cosine of the angle between
them. This method is efficient and accurate, as it reduces complex calculations to
simple vector operations. The joint angles such as shoulder pitch and elbow roll are
determined using this approach, allowing the Baxter robot to accurately replicate
human movements [33].

4.2 Mathematical Framework for Motion Analysis

After placing the groundwork for the general calculation method, the Kinect cam-
era identifies the skeletal system of a human arm and translate it into a three-
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dimensional cartesian co-ordinates of its 7-DOF [33]. The geometry model of the
human arm is shown in Figure 5.

Figure 5. Geometry model of human arm [33]

Figure 5 identifies the shoulder pitch angle ∠OEA and the elbow pitch angle

∠EAB. The co-ordinates for vectors
−→
OE and

−→
EA are extracted from the Kinect

sensor readings, then Equations (1) and (2) are applied to calculate the magnitude
of the vectors. After calculating the vector magnitude, the values of the vectors were
utilized to calculate shoulder pitch angle by applying Equation (3) and using the
inverse trigonometry. This process is repeated to determine the elbow pitch angle
∠EAB.

The shoulder yaw angle, which represents the angle between planes OEA and
OED, is determined by calculating the normal vector between the two planes. The
normal vector of a plane is calculated using the cross-product of vectors within the
plane:

−→n = −→u ×−→v . (4)

The shoulder roll and elbow roll angles are calculated using plane normal vec-

tors. For instance, the vector
−−→
EM is derived from the cross-product of vectors

−→
ED

and
−→
EA, giving the normal vector for the plane defined by these vectors. Simi-

larly, normal vectors such as
−→
BP ,

−−→
AH , and

−−→
BN are computed for planes IKC, EAB,

and ABI respectively. Translating vector
−−→
BN along vector

−→
AB allows for the cal-

culation of the angle between
−−→
AH and

−−→
BN , yielding the elbow roll angle. The

shoulder roll angle is similarly determined as the angle between vectors
−−→
AH and−−→

EM . The hand yaw angle is defined as the angle between the lower arm and the
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hand, which could be calculated by finding the angle between vector
−→
AB and the

plane IKC.

The wrist yaw angle can be defined as the angle between vectors
−→
X 5 and

−→
Y 7.

Vector
−→
Y 7 is obtained through the cross-product of vectors

−→
X 7 and

−→
Z 7 and where−→

X 7 and
−→
Z 7 were derived using vector normalization and cross-product:

−→
X7 =

−−→
BK⃓⃓⃓−−→
BK

⃓⃓⃓ , −→
Z7 =

−−→
BK ×

−→
BI⃓⃓⃓−−→

BK ×
−→
BI

⃓⃓⃓ . (5)

The vector
−→
X5 lies the plane BIC and is perpendicular to

−→
AB . Therefore, the

following equations are established:

−→
X5 = k1 •

−→
BI + k2 •

−−→
BK (6)(︂

k1 •
−→
BI + k2 •

−−→
BK

)︂
•
−→
AB = 0 (7)⃓⃓⃓

k1 •
−→
BI + k2 •

−−→
BK

⃓⃓⃓
= 1 (8)

After all the seven joints’ angles are calculated, they are defined as qd1, qd2, qd3,
qd4, qd5, qd6, qd7, where they are identified as follows:

qd1 =
⟨︂−→
ED ,

−→
EA

⟩︂
, qd2 =

⟨︂−→
EO ,

−→
EA

⟩︂
,

qd3 =
⟨︂−−→
EM ,

−−→
AH

⟩︂
, qd4 =

⟨︂−→
AE ,

−→
AB

⟩︂
,

qd5 =
⟨︂−−→
AH ,

−−→
BN

⟩︂
, qd6 =

π

2
−
⟨︂−→
BA,

−→
BP

⟩︂
qd7 =

⟨︂−→
X7,

−→
Y7

⟩︂
.

(9)

where each bracket is defined as the angle between each vector, for example, qd1 is

the angle between vectors
−→
ED and

−→
EA.

To translate the calculated human joint angles to the Baxter robot’s coordi-
nate system, the transformation T and offset matrices B are used to transfer the
human joint angles to the Baxter’s joint angles. The equation is expressed as fol-
lows:

θBaxter = T • θKinect +B. (10)

4.3 Function Approximation Technique Based Control

The function approximation technique-based control (FAT) is a method that em-
ploys mathematical models to estimate the systems dynamics with unknown or
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complex behaviours [44]. A FAT-based controller is applied to achieve the subse-
quent control of the joint space trajectory. The output signal of the system is forced
to trace the expected input signal. Hence, design of the controller should allow the
system to be fast, accurate, and stable. The reference signal is represented by the
angle vector qd ∈ R7, which is provided by the Kinect, while the referenced angle
vector q ∈ R7 returned by the robot is the actual angles. This means that the qd is
the target position for the robot, based on the human operator’s movement, while
the q is the current position of the robot. The dynamic behaviour of the manipulator
can be mathematically described as:

M(q)q̈ + C (q, q̇) q̇ +G(q) + τext = τ, (11)

where M(q) is the inertia matrix, C (q, q̇) is the Coriolis matrix, G(q) is the gravity
term, and τext is the external torque applied on the joints. Then by deriving the
manipulator’s dynamic equation while incorporating s, v, and the robot’s physical
properties; the following equation is given:

M(q)ṡ+ C (q, q̇) s+G(q) +M(q)v̇ + C (q, q̇) v = τ − τext, (12)

where s and v are the sliding surface and velocity term respectively, and they are
defined in the following equations:

s = ėq − Λeq, (13)

v = q̇d − Λeq, (14)

where ėqis the rate of change of the error vector, Λ is the diagonal gain matrix
(Λ = diag (λ1, λ2, . . . , λn)), q̇d is the rate of change of reference angles (qd), Λeq is
the correction term to account for proportional control, and eq is the error vector
which is defined as:

eq = q − qd, eq ∈ R7, (15)

where q is the actual joint angle vector of the robot, qdis the reference joint an-
gle vector of the motion capture system. After deriving Equation (12) to reach
Equation (16), the joint torque (τ) in joint space can be calculated by:

τ = ˆ︁G+ ˆ︂Mv̈ + ˆ︁Cv̇ + τext −Ks, (16)

where ˆ︁G, ˆ︂M, and ˆ︁C are the estimated gravity, inertia, and Coriolis matrices respec-
tively, and K is the positive gain matrix. Then, the closed loop system can be
written as:

M(q)ṡ+ C (q, q̇) s+Ks = −
(︂
M − ˆ︂M)︂

v̇ −
(︂
C − ˆ︁C)︂

v −
(︂
G− ˆ︁G)︂

. (17)
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To approximate system dynamics, the function approximation technique is em-
ployed:

M(q) = W T
MZM(q), (18)

C (q, q̇) = W T
CZC (q, q̇) , (19)

G(q) = W T
GZG(q), (20)

where the WM ,WC , and WG are the weight matrices; ZM(θ), ZC(θ, θ̇), and ZG(θ)
are the basis function matrices. The estimates of M(q), C (q, q̇), and G(q) can be
written as:

ˆ︂M(q) = ˆ︂W T
MZM(q), (21)

ˆ︁C (q, q̇) = ˆ︂W T
CZC (q, q̇) , (22)

ˆ︁G(q) = ˆ︂W T
GZG(q). (23)

Then by substituting the values in the close loop system, the closed loop system
becomes:

M(q)ṡ+ C (q, q̇) s+Ks = −ˆ︂W T
MZM v̇ − ˆ︂W T

CZCv − ˆ︂W T
GZG, (24)

where:

˜︂W T
M = W T

M − ˆ︂W T
M , (25)

˜︂W T
C = W T

C − ˆ︂W T
C , (26)

˜︂W T
G = W T

G − ˆ︂W T
G . (27)

By completing the design of the adaptive controller, now the next step is to
verify the system’s stability by applying the following Lyapunov function:

V =
1

2
sTMs+

1

2
tr
(︂˜︂W T

MQM
˜︂WM + ˜︂W T

CQC
˜︂WC + ˜︂W T

GQG
˜︂WG

)︂
, (28)

where the QM , QC , and QG are the positive definite weight matrices. The derivative
of the Lyapunov function V̇ is derived to verify stability, the equation is as follows:

V̇ =− sTKs− tr
[︂ˆ︂W T

M

(︂
ZM v̇Ts +QM

ˆ̇︂WM

)︂]︂
+ tr

[︂ˆ︂W T
C

(︂
ZC v̇

T
s +QC

ˆ̇︂WC

)︂]︂
+ tr

[︂ˆ︂W T
G

(︂
ZGv̇

T
s +QG

ˆ̇︂WG

)︂]︂
. (29)
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By selecting the adaptive update laws for the weight matrices as:

ˆ̇︂WM = −Q−1
M ZM v̇Ts , (30)

ˆ̇︂WC = −Q−1
C ZCv

T
s , (31)

ˆ̇︂WG = −Q−1
G ZGs

T . (32)

Substituting the above into Equation (29) gives:

V̇ = −sTKs (33)

Since V̇ is negative definite, this guarantees the system’s stability according to
Lyapunov theory.

5 EXPERIMENTAL STUDIES

An experiment was conducted to evaluate a teleoperation system using motion cap-
ture with the Baxter robot. The setup included a user computer connected to
a Kinect camera to capture skeletal joint data and a Linux/ROS computer running
Baxter, which received and translated the Kinect data in real time to enable imita-
tion of the user’s movements. Both systems were networked via a router. During the
test, the operator moved their arms while Baxter mimicked the motion, and images
(Figure 6) were captured for visual validation. The system’s performance, particu-
larly its responsiveness and stability, was assessed using recorded motion data, with
key plots shown in Figures 7 and 8.

The experimental figures present data sets labeled by arm (left/right) and joint
(shoulder – s, elbow – e, wrist – w), comparing real-time position, velocity, and
acceleration between the Kinect and Baxter robot. Visual validation of the robot’s
imitation is supported by the position graphs, confirming accurate motion tracking.
The FAT-based controller effectively reduced abrupt joint movements and spikes,
indicating its robustness in adapting to dynamic conditions and mitigating inertia
and disturbances. Some graphs reveal minor delays in the robot’s response, evi-
denced by a temporal offset between the Kinect and Baxter curves. This lag is
attributed to network discrepancies, as the user computer connected via Wi-Fi and
the Baxter system via LAN. Though insignificant in real-time observation, these
delays are evident in the recorded data. Figure 9 shows the compensation torque
τc = ˆ︁G + ˆ︂Mv̇ + ˆ︁Cv generated by the FAT controller for the left arm, which as
viewed shows the effect of delay and jittering that occurs during the robot’s op-
eration time in relevance to the robot’s joint points. The elbow joint is the most
effected as shown in the graph due to the presence of the elbow movement in each
arm movement during the experiment unlike other points on the robot arm.

The experimental results demonstrate that the Baxter robot effectively imitates
user movements in real time, with the robot’s joint behavior closely mirroring that of
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Figure 6. Posture comparison of human and robot

the skeletal system captured by the Kinect. Both visual evidence and graphed data
confirm accurate mapping of human motion. While the system performs well, minor
issues such as data transmission delays, jittering, and mismatched data sampling
rates between the Kinect and the robot remain. These discrepancies are primarily
due to network latency and differences in processing capabilities, with Wi-Fi-induced
delays being a key contributor. A full LAN setup could mitigate this. The findings
align with those of Li et al. [33], where actual and reference joint angles showed high
correspondence, further validating the success of the teleoperation system based on
motion capture.

To complement the qualitative visual comparisons, quantitative performance
indicators were estimated based on the recorded experimental data. For the left
elbow joint (e1), the average joint angle tracking error was approximately 0.07 ra-
dians (4 degrees), while the maximum peak deviation reached about 0.15 radians.
The system latency was visually estimated to be within 70–100ms by analyzing the
temporal offsets between Kinect reference curves and Baxter response curves. In ad-
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a) Left shoulder joint s0

b) Left shoulder joint s1

c) Left elbow joint e0 d) Left elbow joint e1



Teleoperation Using Motion Capture 955

e) Left wrist joint w0 f) Left wrist joint w1

g) Left wrist joint w2

Figure 7. Left arm joint motion data
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a) Right shoulder joint s0
b) Right shoulder joint s1

c) Right elbow joint e0 d) Right elbow joint e1
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e) Right wrist joint w0 f) Right wrist joint w1

g) Right wrist joint w2

Figure 8. Right arm joint motion data
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dition, the acceleration jitter observed at the wrist joints reached up to ±1.5 rad/s2,
which primarily resulted from network variability, data sampling differences, and
signal noise.

These quantitative indicators demonstrate that the proposed teleoperation fra-
mework maintains acceptable tracking accuracy and responsiveness despite network-
induced latency and jitter. They also confirm the effectiveness of the FAT-based
adaptive control strategy in stabilizing joint trajectories and compensating for dis-
turbances in real time.

Figure 9. Compensation torque for left arm joints

6 CONCLUSION

This paper presented the successful development of a teleoperation system for the
Baxter robot using motion capture methodologies. The system’s effectiveness was
confirmed through real-time visual validation and quantitative analysis of joint
movements. Building on the mathematical model and FAT-based controller de-
sign, the system demonstrated the ability to map human motion to robotic response
reliably using a Kinect V2 sensor. The setup’s simplicity and adaptability suggest
potential for wider applications, particularly in environments where direct human
operation poses health risks.

The system has not yet been tested across a wide range of user body types
or movement patterns. Future work will explore adaptive mapping strategies to
accommodate variations in operator kinematics, enabling more generalized appli-
cability across diverse users. We would also enhance motion capture accuracy by
integrating depth sensors with inertial measurement units. Reducing network la-
tency would improve real-time responsiveness, while machine learning could enable
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more nuanced motion replication. Expanding into fields requiring high precision –
such as robotic surgery or hazardous material handling – would test the system’s
robustness. Adding tactile feedback and computer vision could further improve user
control and environmental adaptability. Real-world testing, better user interfaces,
and semi-autonomous capabilities would position the system for broader deployment
across healthcare, manufacturing, and research.

Availability Statement

The datasets and coding scripts used and analyzed during the current study are
available from the corresponding author on reasonable request.
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