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development required debugging and adaptation of provided
examples. These custom scripts formed the foundation for
reliable communication between ROS2 and the SVH hand.
The hand was connected via USB, and communication with
the ROS2 framework was achieved without issues. The
provided ROS2 script examples were adapted to control
each joint of the Schunk SVH hand. These scripts were
used to execute test sequences, verifying the accuracy and
repeatability of joint movements. The inverse kenimatics was
applied to the end effector to accurately position the end
effector (EE) for the pick-and-place tasks. The transforma-
tion matrix represents the position and orientation of the
end effector relative to the target object, which was used
as input to the inverse kenimatics algorithm. The solution
provides the necessary position and orientation of the end
effector to ensure that the robot’s arm places it precisely at
the required location. This calculation considers the robot’s
physical constraints and ensures that the end effector reaches
the target with the correct pose without recomputing the
inverse kinematics of the entire arm.

E. Force sensors

1) Sensor Selection and Setup: A SingleTact capacitive
force sensor was selected due to its high sensitivity and
compact form factor, making it suitable for integration into
the Schunk SVH robotic hand. The sensor is small enough
to be affixed to the inner gripping surfaces of the fingers,
enabling direct measurement of contact forces during object
manipulation. The sensor was connected to its control board,
which provided signal conditioning and a digital output
accessible via an I2C interface. An Arduino Uno was used
to interface between the control board and ROS2. To ensure
reliable force measurements, the sensor was placed on the
distal phalanx of the robotic thumb, as shown in Fig. 3. This
location was chosen to ensure contact with the sensor while
grasping objects of varying shapes.
2) Serial Communication and Data Parsing: The force

sensor data was acquired using an Arduino Uno microcon-
troller, which then transmits the sensor readings at a 57600
baud rate over a serial connection. The flowchart provides
the communication process, as shown in Fig. 4. The Arduino
firmware transmits raw integer values, which are then parsed
and processed in a Python-based ROS2 node (stopper.py)
running on an Ubuntu-based control system. The node reads

Fig. 3. The placement of SingleTact force sensor on the distal phalanx of
SVH
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Fig. 4. The flowchart of Schunk SVH communication using ROS2

sensor data in real time and triggers a hand-stop interrupt
signal once the force reaches a predetermined threshold. A
rising edge detection mechanism ensures that an interrupt
signal is only published when the sensor value exceeds a
threshold for the first time, preventing redundant commands.
3) ROS2 Node hand stopper: Once an interrupt signal is

triggered by stopper.py, the hand stopper node executes a
defined script to halt the hand’s movement immediately. This
is achieved by retrieving the most recent joint positions from
the /joint states topic and sending this as a new trajectory
command to maintain the current pose.
The node subscribes to /joint states to continuously update

an internal dictionary containing the latest joint positions of
the right hand. When an interrupt is received, the node:

� Checks if valid joint states have been recorded. If no
valid positions are available, it does not issue a stop
command to avoid unintended behavior.

� Retrieves the most recent joint positions for the right-
hand fingers.

� Constructs a JointTrajectory ROS2 message with these
positions as the target.

� Publishes this trajectory to /right hand/joint trajectory,
ensuring the hand holds its last known position.

To achieve a smooth stop, the trajectory message includes
a short time delay (e.g., 50ms) in order to prevent high
jerk. This ensures a rapid but controlled halt, preventing
excessive force while maintaining stability. The hand remains
in this position until a new command is issued, preventing
unnecessary fluctuations in grip force.
4) Performance Analysis: The system mitigated excessive

gripping force by dynamically adjusting the hand’s pose
in response to high-pressure readings. Key results include
a significant reduction in grasping force, ensuring the safe
handling of fragile objects. Additionally, real-time data pro-
cessing enabled immediate response to pressure fluctuations,
allowing for precise and timely grip adjustments. Adaptive
pose control enhanced the gripper’s efficiency and simplified
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Fig. 5. UR3e home and object-picking position in real and simulated
environments

overall control, making it more responsive to varying object
shapes and material properties.

III. RESULTS AND DISCUSSIONS

1) UR3e Motion Execution in Simulation and Real-World:
The validation of robotic grasping systems relies on ensuring
that simulated motion planning closely mirrors real-world
execution. To achieve this, the UR3e robotic arm was first
tested in a simulated environment before deploying the same
motion sequences in real-world trials. The Gazebo simulation
platform generated and refined motion trajectories, ensuring
that the robotic arm’s planned movements were accurate
and feasible. Two positions are provided to demonstrate the
alignment between simulation and reality. Fig. 5 (a) captures
the UR3e in a real-world setup at its home position, while
Fig. 5 (b) presents the corresponding simulated model in
Gazebo. Similarly, Fig. 5 (c) and (d) showcase the robot
at the object-picking position in both real and simulated
environments. The consistency in joint configurations and
movement sequences across both domains highlights the
effectiveness of the ROS2-based motion control system in
ensuring reliable robotic manipulation. During execution, the
UR3e robot follows a structured sequence, beginning from
a predefined home position before transitioning into object
interaction tasks. The home position establishes a stable
and repeatable starting point, improving trial consistency.
From this state, the robot moves towards the target object
following a planned trajectory, ensuring smooth transitions
and avoiding unintended deviations. The inverse kenimatics
solver calculates the optimal joint configurations, which are
first validated in Gazebo before real-world execution. This

step ensures that the simulated robot’s movement precisely
mirrors the physical robot’s behavior, reducing potential
errors during deployment. The comparison between sim-
ulation and real-world execution confirms the robustness
of trajectory planning and motion replication. The UR3e
successfully follows pretested motion paths, demonstrating
the reliability of ROS2-based control for adaptive robotic
applications. The seamless transition from simulation to real
execution minimizes risk, improves efficiency, and ensures
safe and repeatable grasping operations.
2) Force-Controlled Grasping and Object Handling: As

the Schunk SVH hand approaches the target, it gradually
applies force until reaching a predefined threshold, ensuring
a controlled grasp. The threshold varies based on the object’s
properties, with 5 N used for this demonstration, as shown in
Fig. 6. Excessive force application stops once the threshold
is met, and the robot moves toward the endpoint while main-
taining a stable grip. Upon reaching the target, the robotic
hand gradually releases the force, ensuring smooth object
placement. This adaptive control prevents slippage, reduces
the risk of damage, and ensures secure handling. The results
confirm the effectiveness of the force-controlled grasping
strategy, where the robotic hand dynamically adjusts its
grip to accommodate different objects. The system prevents
excessive force while maintaining stability, demonstrating
the ROS2-based closed-loop control’s reliability. The force
trajectory in Fig. 6 highlights stable gripping and controlled
release, validating its suitability for adaptive robotic manip-
ulation.
3) Sequential Adaptive Grasping Demonstration: The se-

quence illustrates the adaptive grasping process of a robotic
hand, showcasing its transition from an open resting state to
precise object manipulation, as shown in Fig. 7. The robotic
hand is initially fully open, relaxed, and ready for action.
It then spreads its fingers to maximum extension, demon-
strating flexibility before gradually moving towards a half-
closed state, signaling the beginning of a grasping motion.
As the thumb flexes inward, the hand adjusts its posture for
an impending grasp. During this transition, the robotic hand
momentarily forms expressive gestures, including the ”rock
and roll” and ”peace sign,” highlighting its dexterity and
human-like articulation. Moving beyond expressive gestures,
the hand focuses on functional grasping, positioning itself
precisely over an object in the hovering phase, preparing
for contact. It then executes a precision grip, delicately

Fig. 6. Force profile of adaptive grasping and object handling
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Fig. 7. Sequential demonstration of robotic hand gestures and grasping

securing a small spherical object, emphasizing controlled fin-
ger movements. Finally, the robotic hand can gently handle
fragile objects, carefully lifting an apple, ensuring a secure
yet sensitive grasp. This sequence effectively conveys the
robot’s capability for expressive gestures and intricate object
manipulation, reinforcing its potential for advanced robotic
applications.

IV. CONCLUSION

This work demonstrated a ROS2-based force-controlled
grasping system, integrating the UR3e robotic arm and
Schunk SVH hand with force sensors for adaptive and pre-
cise object manipulation. A closed-loop control mechanism
was implemented, where force feedback from the sensors
dynamically regulated grip strength, ensuring secure yet
non-damaging handling of objects. The system was fully
developed within ROS2, utilizing MoveIt2 for motion plan-
ning, RTDE for real-time execution, and Gazebo simulations
for safe validation before deployment. The experimental
validation demonstrated that the robotic hand successfully
adjusted its grip in response to sensor feedback, preventing
excessive force application while maintaining a stable grasp.
Simulated trajectories in Gazebo closely mimicked real-
world execution, confirming the accuracy and reliability of
the ROS2-based motion planning and control framework.
The results highlight the effectiveness of the force-regulated
grasping strategy, allowing the system to handle fragile and
rigid objects with appropriate force levels. The force profile
analysis showed smooth transitions in gripping, transporting,
and releasing objects, validating the system’s adaptability.
The structured motion execution, starting from a home
position to object interaction, further ensured repeatability
and consistency across trials. Transferring simulation-based
planning to real-world execution minimized errors and en-
hanced efficiency, making the approach viable for various
robotic manipulation tasks.
Future work will integrate computer vision-based object

recognition to enable autonomous pick-and-place operations.
This will allow the robot to adjust force thresholds based on
detected object properties dynamically, improving adaptabil-

ity. Expanding the system’s multi-finger coordination will
enhance grasping dexterity, making it suitable for complex
industrial automation, assistive robotics, and logistics appli-
cations. The proposed approach provides a scalable and ef-
ficient solution for adaptive robotic grasping in unstructured
environments.
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