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Abstract— This study introduces a groundbreaking
framework designed to enhance the adaptability and efficiency
of robot manipulators in manufacturing, leveraging ROS 2 and
a modular middleware to transcend traditional robotic
constraints. The framework's efficacy is exemplified through a
pick-and-place task, serving not merely as a demonstration but
as robust evidence of the framework's ability to enable complex
object manipulation tasks far beyond repetitive activities. By
integrating advanced perception capabilities with a YOLOvS-
based object detection model and an OpenCV-based pose
estimation module, the framework showcases a seamless
interaction between sophisticated software tools and robotic
hardware. This integration not only simplifies the incorporation
of intelligent components into robotic systems but also
significantly broadens their applicability and enhances
efficiency across diverse tasks and applications. The use-case,
therefore, stands as compelling evidence of the framework's
potential to revolutionize industrial and collaborative robotics,
providing a unified and adaptable platform for the development,
testing, and deployment of robotic solutions in modern
manufacturing settings. The research aims to simplify the
integration of intelligent components into robotic systems,
thereby extending their utility and efficiency across a broader
range of tasks and applications, ultimately advancing the
capabilities of industrial and collaborative robotics for modern
manufacturing needs.

I. INTRODUCTION

With industries facing the need for flexible production
lines capable of handling diverse tasks and smaller batch sizes,
the limitations of current robot manipulators, rooted in their
rigid programming and task-specific configurations, become
increasingly apparent. This discord between the existing
capabilities of robotic systems and the agile, adaptable
manufacturing processes required today highlights a critical
gap in industrial and collaborative robotics. Addressing this
gap, our research proposes a transformative approach that
leverages a novel software framework designed to enhance the
flexibility and utility of robot manipulators. By integrating
advanced software tools and modular design principles, our
solution aims to unlock the untapped potential of these robots,
enabling them to meet the complex demands of next-
generation manufacturing environments. This paper sets out to
explore the development and application of this framework,
illustrating its impact through practical implementation and
offering a glimpse into the future of adaptable, efficient robotic
automation in industry.

* This research is supported by EPSRC grant (EP/V051180/1) for the
Reconfigurable Robotics for Responsive Manufacture - R3M Project. The
source code, testing results and videos are available in IFRA-Cranfield’s
GitHub: https:/github.com/IFRA-Cranfield/irb120_PoseEstimation

Currently, cell-level robot programming tasks (performed
by an operator) are limited to robot motion and program logic
definition, typically through a GUI (Graphical User Interface)
or the robot’s teach pendant. Integrating intelligence or
decision-making capabilities into a robot controller requires
complex systems and reliance on Programmable Logic
Controllers (PLCs), adding considerable complexity and cost
to the setup. The aim of this research is to streamline this
process by leveraging ROS 2 and its capability to seamlessly
integrate external components. By operating the robot within
our framework, we aim to simplify the integration of
intelligent components and enhance the overall functionality
of robotic systems within various applications.

A significant contribution of our work is evidenced
through a practical implementation of an object manipulation
task utilizing an industrial ABB robot and different cubes.
Initially validated in simulation, our framework has been
seamlessly deployed onto an ABB IRB-120 cell enclosure
(Fig. 1). Through this use-case, we demonstrate the integration
of external software components, including a YOLOvS8-based
object detection and classification model, alongside an
OpenCV-based object Pose-Estimation module, enhancing the
robot's perception capabilities within the operational
environment.

Acknowledging the demand for more flexible robotic
systems, we focus on developing solutions that enhance
adaptability and versatility, effectively addressing this gap.
The main contributions are listed as follows:

e We present a user-friendly software framework
enabling the simulation and control of robot
manipulators compatible with ROS 2, thereby
enhancing their adaptability to diverse tasks.

e Our framework facilitates the integration of various
hardware and software components into robotic
systems, further enhancing their functionality and
versatility. We propose a method to seamlessly
integrate external modules and their functionality to the
ROS 2-based robotic system.

e  We propose a solution for object manipulation within
robot cells, utilizing simple yet effective approaches for
object detection and classification, along with precise
robot pose estimation. This approach enables efficient
pick-and-place  operations even in dynamic
environments. Importantly, our approach can be
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effortlessly deployed across different robot arms
supported by ROS 2, regardless of the underlying
hardware, with a streamlined and consistent
deployment process.

By addressing the limitations of traditional robot
manipulators and providing a reproducible and extendable
practical solution (exemplified through the ABB Robot’s use-
case), our research significantly advances the capabilities of
industrial and  collaborative robotics for modern
manufacturing needs.

II. RELATED WORK

A. Reconfigurable Manufacturing

In recent years, the landscape of industrial automation has
undergone a profound shift towards reconfigurable systems,
driven by advancements in CPS and the imperative for
flexibility and efficiency in manufacturing [1]. At the heart of
this transformation lies the principle of modularity, which
advocates for the decomposition of complex systems into
smaller, interchangeable modules that can be easily
reconfigured to adapt to changing production needs [2]. This
modular approach enables what is commonly referred to as
plug-and-produce, where components seamlessly integrate
into existing systems, reducing setup time, and facilitating
rapid reconfiguration.

Several works in the literature emphasize the importance
of software architecture [3] and middleware frameworks [4] in
enabling  reconfigurability = and  flexibility = within
manufacturing systems, aligning closely with the principles of
CPS and PnP paradigms. SOA (Service-Oriented
Architecture) facilitates the integration of hardware devices
and  software  applications  within  reconfigurable
manufacturing systems, enabling seamless connectivity and
plug-and-produce capabilities [5], [6]. These research works
highlight the significance of middleware frameworks,
standardized interfaces, and a modular approach in enabling
reconfigurability and enhancing connectivity within
manufacturing systems.

B. ROS 2 as Software Middleware for Robot Systems

ROS 2 is an open-source framework providing a flexible
and modular platform for developing robotic systems [7]. A
framework of this type is especially suitable for robotic
applications that require the interaction between different
hardware and software components, where each is developed
by different robot manufacturers offering specific interfaces
[8]. ROS 2 offers tools and features to implement modular
architectures, making it possible for companies to adapt robot
manipulators for non-standard tasks without starting from
scratch [9]. Robots are limited to their own interfaces,
communication protocols and programming languages, and
ROS 2 can help overcome those limitations. It can
simultaneously enable perception, recognition, and re-
planning capabilities [8], provide a real-time motion control
system which communicates with external elements such as
OpenPLC [10], or support both fast development and
deployment of new software and hardware modules as well as
the fast setup and reconfiguration of the system [11].

ROS 2 fosters faster development, collaborations, and the
advancement of new technologies, with this trend expected to

persist as it matures further [12]. The inherent flexibility,
scalability, and modularity of its architecture make it an ideal
middleware solution for reconfigurable systems, particularly
in contexts where robot manipulators are tasked with
executing diverse operations, requiring to be reprogrammed
frequently.

C. Object Detection and Robot Pose Estimation

Object detection, including geometric shape and
orientation classification, is crucial for understanding object
location. Calibration is essential for post-processing images,
varying based on dimensionality, such as 3D point clouds or
2D camera images. Visual markers, as seen in [13], are
commonly employed for calibration, allowing precise distance
calibration in 3D point clouds. Once calibrated, the robot can
accurately estimate the object's position for effective picking
[14], [15].

YOLO (You Only Look Once) is a widely known object
detection algorithm. It divides images into grids, predicting
bounding boxes and class probabilities simultaneously. In a
robot cell, YOLO can analyze camera feeds to autonomously
detect and classify objects. Its latest version, YOLOVS, has
been widely used for many robot-object manipulation tasks,
and advanced solutions have been proposed to detect smaller-
sized objects [16] or to predict the orientation along with the
position of the objects (YOLO-OBB labelling method) [17],
[18].

D. Conclusions

Recent literature has increasingly focused on the
development of adaptable frameworks and technologies to
meet the dynamic demands of modern production
environments. Various approaches have been proposed to
enhance the flexibility and agility of manufacturing systems,
ranging from modular hardware designs to flexible software
architectures.

Our research aligns with the aforementioned trend, yet
distinguishes itself by concentrating specifically on enhancing
the adaptability and intelligence of robot manipulators. While
existing literature showcases robots' capability to undertake
complex and specific tasks, such as bin picking, autonomous
decision making, or automated program generation, these
pipelines typically necessitate complex, expensive systems
and extensive deployment efforts. In response, our framework

Fig. 1. ABB IRB-120 Enclosure (IA Lab, Cranfield University) setup for the
Cube Detection and Pick-and-Place Use-Case.



offers a streamlined approach, requiring minimal deployment
effort, and facilitates seamless integration of any custom
hardware and software component. This emphasis on
simplicity and ease of integration marks a significant departure
from traditional approaches, promising heightened
accessibility and applicability in real-world production
environments, especially for SMEs that might need to re-
program and re-design robot cells quickly and effectively in
short periods of time.

III. METHODOLOGY

A. ROS 2: Robot Simulation and Control Framework

Our ROS 2-based system enables the simulation and
control of any robot arm supported by ROS 2. Fig. 2 illustrates
the software architecture, which has been fully developed and
integrated within ROS 2 in an Ubuntu 22.04 PC. We have
adapted and improved the default tools provided by ROS 2
(Gazebo, Movelt!2 and ROS 2 control algorithms) to establish
a standardized robot simulation and control pipeline that is
agnostic to specific robot models. This development has been
realized through three different custom ROS 2 packages.

Firstly, the Gazebo package, which contains all the
information related to the robot, represented in .urdf (Unified
Robot Description Format) format, in addition to the
parameters required to tune the ROS 2 controllers and the
CAD files and information about the Gazebo environment.
Secondly, the Movelt!2 package, that provides the Movelt!2
tool with all the information for the motion control of the
robot. Information such as robot specifications (obtained from
the Gazebo package), controller parameters and the Motion
Planning interface are provided in this package. Finally, the
Robot Bringup package, which acts as the main link between
the ROS 2 system and the real robot arm. As mentioned before,
the robot arm control needs to be supported by ROS 2, in the
form of a ROS 2 driver. The driver, running in both the robot

controller and ROS 2, enables the complete robot motion and
state control through different ROS 2 nodes. The Gazebo and
Movelt!2 packages are combined in order to simulate the
operation the robot arm on a Gazebo/ROS 2 environment, and
the Movelt!2 and Robot Bringup packages are combined to
control and operate the real robot arm. The developed method
provides the user with a versatile and comprehensive
framework for prototyping, testing, and deploying robotic
systems within ROS 2 environments.

Utilizing ROS 2’s modular architecture and following the
PnP and SOA principles, we have encapsulated robot arm
movements and tasks into distinct modules, invoking them
through ROS 2 Actions (see bottom-left, Fig. 2). Actions were
deliberately chosen for their call-response architecture,
continuous feedback, and built-in cancellation capabilities.
The /Move action offers a wide range of robot movements,
accepting inputs such as joint values (MoveJ), individual joint
values (MoveR), Cartesian vectors (Movel), or rotations
(MoveROT, MoveRP). In contrast, the /RobMove action
empowers users to guide the robot to specific end-effector
poses, providing movement types (point-to-point or linear),
joint speed, and precise pose control (position and orientation).
In addition to motion actions, the /Sequence ROS 2 action
facilitates the execution of predefined motion sequences.
These ROS 2 actions are encapsulated within Python classes,
which talk to Movelt!2’s Motion Control tool through its
Python API and enable the direct control of the robot arm
through simple ROS 2 Action Client calls. This approach
simplifies the integration of any external software module,
which can talk to ROS 2 (and therefore, communicate with the
robot) directly through Python (this can be implemented
through C++ as well).

In addition to the ROS 2 actions allowing the direct control
of the robot’s movement, we have developed supplementary
tools to enhance simulation and control capabilities within our
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Fig. 2. Software Architecture of our ROS 2-based Robot Simulation and Control Framework. Any Robot Manipulator which supports ROS 2 connectivity can
be simulated and controlled by our system. The framework is formed by 3 main components: The Gazebo, Movelt!2 and Robot Bringup ROS 2 packages.



system. Firstly, we have developed a dedicated ROS 2 Node
to retrieve the 6-degree-of-freedom (6DOF) pose information
of the robot from Movelt!2, subsequently publishing it to a
designated ROS 2 Topic (/RobPose). Additionally, we have
created custom ROS 2-Gazebo plugins that publish the precise
pose of any robot link or object spawned to the Gazebo
environment to a specific ROS 2 Topic. These additional
features culminate our whole robot simulation and control
setup, significantly improving the system's usability and
intuitiveness, and enhancing user experience.

Our system is robot agnostic, and allows the user to interact
with the simulated robot and the real robot exactly in the same
way through Movelt!2. This uniformity facilitates a smooth
transition from simulation to real-world deployment, allowing
users to test robot applications even before the physical cell
deployment has been done. To facilitate wider adoption and
collaboration, our custom ROS 2 packages have been made
publicly available on the ROS 2: Sim-to-Real Robot Control?
GitHub repository. This repository includes comprehensive
documentation and detailed instructions, enabling researchers
and robotics engineers to adapt and extend our proposed
framework to any custom robotics application using ROS 2
effectively.

B. Integration of External Software and Hardware Tools

ROS 2 offers a high degree of customization, facilitating
the integration of external components more efficiently than
traditional robotic or automation systems. The absence of
requirements for PLCs or complex communication protocols
or interfaces further simplifies this process. This flexibility
permits the incorporation of external software and hardware
packages, providing a robust communication platform that
interfaces seamlessly with the robot simulation and control
framework introduced in the previous section. Fig. 3 illustrates
this integration process and demonstrates how external
software and hardware elements interact with ROS 2,
showcasing its high degree of customization compared to
traditional robotic or automation systems.

ROS 2 packages and scripts are developed in either Python
or C++. Therefore, any external software or program can be
directly accessed through its Python or C++ API, and included
directly in the ROS 2 application logic or source code. Apart
from that, different SW functions and methods can be
encapsulated into ROS 2 Topics, Services and Actions, which
can be accessed by any ROS 2 node in the system. These
communication mechanisms, which are facilitated and fully
managed by ROS 2, enable efficient multitasking and parallel
execution of various features and tools within the system.

Integrating Hardware components into ROS 2 requires an
initial translation step, where the HW element and its
functionality are accessed and made available through a
wrapper, known as the ROS 2 driver. This integration process
involves mapping the hardware's capabilities to ROS 2
interfaces, such as Nodes, Topics, Services, or Actions, to
enable seamless communication with the ROS 2 ecosystem.
However, this process may present challenges, such as
ensuring compatibility between the hardware and ROS 2,
handling real-time constraints, and managing data
synchronization. Solutions to these challenges often involve

? https://github.com/IFRA-Cranfield/ros2_SimRealRobotControl

developing custom drivers tailored to the specific hardware,
implementing robust error-handling mechanisms, and
optimizing data transmission protocols. Additionally,
thorough testing and validation are essential to ensure the
reliability and stability of the integrated hardware within the
ROS 2 framework. Through diligent attention to these aspects
of the integration process, developers can effectively leverage
the full potential of ROS 2 to interface with a diverse range of
hardware components for robotic applications.

C. Object Detection and Classification

Our object detection approach is centered on training a
customized YOLOv8 model using bespoke datasets, which are
previously labeled using the RoboFlow annotation tool.
RoboFlow enables the labeling process by providing a user-
friendly platform to annotate images with bounding boxes and
assign corresponding object classes. This tool simplifies the
creation of a customized dataset for training the YOLOVS
model, ensuring accurate object detection and classification.
RoboFlow's intuitive interface allows for seamless integration
of labeled data into the YOLOvVS’s training pipeline, which
makes it simpler to train a custom YOLOvV8 model with a set
of pictures that have been previously labelled on its platform.

We acknowledge that YOLO-OBB offers oriented
bounding box detection, which would be highly beneficial for
this use-case. However, its effective implementation requires
a substantial and well-trained dataset [18], which exceeds our
current objectives and compromises the simplicity of the
proposed object detection pipeline. Therefore, we propose a
simpler approach utilizing YOLOvVS for object detection,
complemented by a straightforward image processing method
to determine the 2D orientation of the object to be
manipulated. Integrating OpenCV adds further value to our
work, demonstrating our capability to incorporate additional
components into our system, thereby enhancing its
functionality.

D. Object Pose Estimation

The object Pose Estimation process is divided into 3 main
parts. First, the result of the object detection performed by the
YOLOvVS8 model is visualized within the Perspective Image,

ROS 2 System

ROS 2 Package (SW) ROS 2 Package (HW)
ROS2|| ROS2 [ |ROS 2 ROS2|| ROS2 | |ROS 2
Topics | | Services| |Actions| Topics | | Services | |Actions|

ROS 2 Driver

Script

ROS 2 Class
Network Object

External Y V External
SOFTWARE Software API Communication HARDWARE

ROS 2 Driver
(HW-side) ‘—’

Physical Connection
HW component connected to
the ROS 2 PC.

Python
C++

INSTALLATION
External SW component
installed on the ROS 2 PC.

Fig. 3. Diagram of the integration of external SW and HW components and
their functionality into the ROS 2-basd Robotic System.


https://github.com/IFRA-Cranfield/ros2_SimRealRobotControl

Fig. 4. ArUco Tag detection and calibrated image acquisition in the ABB IRB-120 Cell. Left: Input webcam feed; Center: Detection output with ArUco Tags
located and labelled; Right: Transformed perspective image with coordinate frames and (x,y) values. In our system, camera calibration simplifies to 2D-
calibration, assuming the cube is always on a known-height flat surface. Using OpenCV's warpPerspective function, we transform the camera input based on
ArUco markers, ensuring accurate spatial understanding for the robot's manipulation of the cube. The x/X and y/Y pixel/distance ratio is known in the transformed
image, where (x,y) denote Pixel Coordinates and (X,Y) represent Distance Coordinates (mm). This allows the accurate calculation of the object pose from a
given image, by calculating its location in pixel coordinates first and subsequently applying the transformation ratio to get the distance value in millimetres.

the transformed image obtained after the calibration process
(Fig. 4, right). Subsequently, the center of the object and its
rotation are calculated using image processing techniques, and
finally the values obtained are transformed from pixel
coordinates to global robot coordinates.

The YOLOv8 model provides object class and yellow
bounding box pixel coordinates, as depicted in the right picture
of Fig. 4. To identify the center of the object within the
provided bounding box, we employ contour detection
(followed by color filtering) through image processing, using
the OpenCV open-source library. After converting the image
to HSV color space and applying Gaussian blur, contours are
detected based on hue, saturation, and lightness. A precise
bounding box, distinct from YOLOVS's, is assigned,
incorporating orientation using OpenCV's minAreaRect()
function. This process yields accurate object location in Pixel
Coordinates, transformed to Distance Coordinates via
calibration-derived pixel/distance ratios.

IV. USE-CASE DEMONSTRATION

The practical implementation of our framework is
exemplified through a complex object manipulation task,
which serves not merely as a demonstration but as a pivotal
evidence of our solution's ability to transcend traditional
robotic limitations. This use-case is strategically chosen to
emphasize the enhanced adaptability and efficiency our
framework imparts to robot manipulators, addressing the core
challenges of flexibility and task diversity in manufacturing
environments. Central to our framework's implementation is
the seamless integration of ROS 2, facilitating a cohesive
ecosystem where hardware and software components interact
harmoniously. The cube pick-and-place task leverages this
integration, enabling a small industrial ABB robot to perform
complex object manipulation tasks that extend beyond its
conventional capabilities. The use-case has been designed and
validated on Gazebo Simulation first, and has been deployed
onto the real ABB IRB-120 cell enclosure at the Intelligent
Automation Lab at Cranfield University. The system,
equipped with a standard web camera, adeptly detects the
randomly spawned cube within the workspace and proceeds to
classify it based on its distinct colored feature. The intricate
task of manipulating the cube involves precise pose
estimation, ensuring its placement within the designated tray
and alignment with the corresponding slot, with the identified
feature positioned upwards (see Fig. 1).

This section follows a sequential approach mirroring the
steps an engineer would take when deploying our framework
for this pick-and-place application. Starting with the ROS 2
packages for the simulation and control of the robot,
integrating YOLOVS and OpenCV modules, designing object
detection and pose estimation tasks, and concluding with the
development of the program logic for the effective task
execution within the robotic cell.

A. ROS 2 Framework: Integration of YOLOvVS and OpenCV

The ROS 2 package stack that controls the ABB Robot (red
box in Fig. 5) consists of the Gazebo, Movelt!2 and Bringup
package combination, directly connected to the robot
controller through the ABB-ROS 2 driver. Following the
approach described in the methodology, the ABB IRB-120 is
fully controlled and monitored within the ROS 2 framework,
and its movements are executed and perceived through the
custom ROS 2 Actions (/Move and /RobMove) in Python. In
addition, it is worth mentioning that this framework allows the
user to fully manage the robot exactly in the same way for both
simulation and the real robot, enabling testing through
simulation prior to real cell deployment.

Fig. 5 illustrates the architecture of the ROS 2 Framework
for this specific use-case. The integration of the YOLOvS8 and
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Fig. 5. Software Architecture, combining ROS2 Humble (Robot Control and
Simulation), OpenCV, YOLOVS modules and the real ABB IRB-120 Robot.
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Fig. 6. Representation of the model training, object detection, classification
and pose estimation pipeline. (A) Data acquisition and labelling process. Top-
left: Sample acquisition from Gazebo Simulation; Bottom-left: Image
transformation (cube isolation) as pre-processing to improve the training
dataset; Right: Data labelling in RoboFlow. (B) Cube and Color Feature
detection and classification using the custom trained YOLOVS models in Real
Robot and Gazebo Simulation. (C) Transformed Perspective and Region-Of-
Interest (ROI) images for the accurate estimation of the Cube Pose.
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OpenCV modules is realized through Python; a custom ROS 2
package has been created, where every single component of
the system allows direct interaction through Python classes.
Therefore, the Robot and Gripper (controlled through the ROS
2 packages introduced above), Detection (YOLOvS) and
OpenCV modules can be easily executed and controlled from
a single Python script, resulting in an intuitive and
straightforward method to design and execute the program
logic, which, in this case, consists of a cube pick-and-place
task. The execution of any task done by a module on our
system is based on a call-response method, enabling the
engineer or operator to easily design any routine and the main
flow of the program by simply calling each module execution
or task one after the other.

This approach facilitates direct interaction between the
robot manipulator and external software or hardware
components responsible for specific tasks or decision-making
within the manufacturing or production process.
Consequently, it empowers the robot with enhanced
capabilities, eliminating the necessity for PLCs, complex
communication  protocols, or additional automation
equipment.

In the same manner that YOLOv8 and OpenCV have been
seamlessly integrated into the system, any other hardware or
software component can be incorporated through a custom
ROS 2 package. This approach ensures that new components
can communicate and coordinate with the robot using the
robust communication mechanisms provided by ROS 2. Such
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Fig. 7. ABB IRB-120 Enclosure setup for the Cube Detection and Pick-and-
Place Use-Case. The Workspace Coordinate System (w), Robot Coordinate
System (r), Camera Coordinate System (c) and the Detection Grid are
represented. For transformation purposes, it is known that the detection grid
is displaced (o, yo) from the base (global coordinates).

integration empowers robotic engineers and researchers to
enhance robot manipulators with diverse skills and
functionalities, achieved through the integration of custom,
sophisticated algorithms and software/hardware packages
within the robot ecosystem.

B. Cube Detection, Classification and Pose Estimation

We have developed and trained two distinct YOLOVS
models for cube detection. One tailored for Gazebo simulation,
and another specifically designed for the real ABB IRB-120
cell setup. Our training dataset encompasses a diverse range of
images, categorized into five classes: Cube, Sticker, White,
Black, and Blue. Introducing the "Sticker" class enables the
robot to identify colored features atop the cube, particularly in
scenarios where color differentiation is challenging. The
training dataset consisted of 500 images for the Gazebo
Simulation model and 1000 images for the real cell model,
labelled and processed using RoboFlow, as shown in Fig.6A.

The tailored YOLOv8 models have been tested using the
YOLOvVS8 “predict” function. As illustrated in Fig. 6B, the
performance evaluation of both trained models demonstrated
accurate cube detection with a confidence level exceeding
80% and precise color feature detection and classification,
achieving a confidence level surpassing 60%.

Upon executing the YOLOv8 model, the output provides
the detected object's class and bounding box, which is then
transformed into a Region-of-Interest (ROI) image for further
processing, as depicted in Fig. 6C. OpenCV is subsequently
utilized to identify the contours of the object, enabling precise
calculation of its position and rotation within the workspace.
The location and orientation of the cube are determined in
local pixel coordinates (relative to the ArUco grid, Fig. 7), with
transformations to global coordinates computed through a
two-step process as shown in the equations in Fig.7: Initially,
transforming pixel values into distance values (mm), followed



by the addition of the grid offset. The relation between distance
and pixel values is denoted by D/P, where (x0, y0) represents
the grid's location within the workspace.

Movelt!2 converts any 6DoF pose from global to robot
coordinates. It automatically computes the pose of the robot
given the cube’s position in global coordinates. In our
framework, this is realized through the /RobMove ROS 2
Action, which is used to move the robot according to a specific
end-effector pose. Therefore, the result of the Pose Estimation
module is directly feeded to the /RobMove action, which
guides the robot to the cube pick-up position.

C. Program Logic: Cube Pick-Check-and-Place

The execution process unfolds as follows: Initially, the
cube is randomly spawned within the grid defined by ArUco
markers. Upon activation of the camera, the YOLOVS model
classifies the cube into two classes: cube or sticker. In the case
of a sticker classification, indicating the presence of a colored
feature atop the cube, the robot assesses whether the color type
is discernible. If so, the relevant information is relayed to the
robot, and the cube is placed in its corresponding slot on the
kitting tray. In instances where color identification is
challenging, the robot optimizes detection by moving the cube
closer to the camera before proceeding with placement. For
cubes classified as cube, denoting an unknown feature
location, the robot initiates a systematic check of the front,
back, and bottom sides. Successful detection prompts rotation
for optimal feature visibility, culminating in placement on the
kitting tray. Unsuccessful detection prompts a 90-degree
rotation for examination of side faces. Subsequent successful
detection results in final placement, while repeated failure
leads to placement in the designated "no detections" slot on the
kitting tray. This adaptive and thorough process ensures
accurate classification and effective placement of cubes with
diverse feature configurations.

V. RESULTS ANALYSIS

The performance evaluation for the use-case involved a
comprehensive analysis based on 100 test runs in simulation
and 78 in the real cell, with execution results and individual
module success rates shown in Table 1, and overall execution
success rates illustrated in Fig. 8. In each test run, a cube was
randomly spawned within the designated workspace, adhering
to the defined grid. Significant attention was devoted to
evaluating the integration and communication between
YOLOV8, OpenCV, the robot, and ROS 2. This involved
recording every instance where each module executed a task

100 78

Total Executions

Connectivity Lost: 1 times STABLE
Interactions w/ YOLOvVS 449 280
Interactions w/ OpenCV 549 358

Executions: /RobMove 1142 760
Executions: /Move 2309 1853 vs §
Cube Detection & Classification 100% Success 97.43% Success
Pose Estimation 100% Success 98.7% Success
Robot Performance 74% Perfect 74.36% Perfect

Table 1. Total number of interactions of the YOLOvS, OpenCV and Robot
modules with the ROS 2 system, and the overall success of each module
undertaking their specific task.

and interacted with the program logic. Additionally, the
evaluation criteria encompassed the accurate detection of the
spawned cube, correct execution of the picking process,
precise classification and location of the colored feature, and
the correct placement of the cube onto the kitting tray.

The integration of YOLOvVS, OpenCV and robot
movements (ROS 2 Actions) was rigorously tested, revealing
robust communication between the modules and the system.
In simulation, connectivity was lost only once (Gazebo
Simulator stopped working), while in the real cell, the
communication between the robot controller and ROS 2
remained stable during the whole testing process. Throughout
all executions, 449(sim)/280(r) YOLOVS8-System interactions
and 549(sim)/358(r) OpenCV-System interactions were
recorded, all successful. Additionally, the /RobMove and
/Move actions were executed 1142 and 2309 times,
respectively, in simulation, and 760 and 1858 times,
respectively, in the real robot, with only five errors attributed
to collision detection by Movelt!2. The YOLOvVS detection
results showcase a robust performance, revealing a remarkable
success rate of over 97% in the initial cube detection process.
Furthermore, the colored feature detection exhibited high
accuracy, with only one failure noted. Overall, these findings
emphasize the effectiveness of the YOLOvVS model and
indicate the potential for achieving a 100% success rate in
detecting specific objects within controlled workspaces with
meticulous model training and refinement. The cube picking
accuracy surpasses 98%, underscoring the exceptional quality
and precision of the cube pose estimation process achieved
through image processing.

However, the overall success rate of the entire process is
influenced by challenges encountered during the cube placing
phase, involving rotation, hovering, and placement steps.
Notably, there is substantial room for improvement on the
ROS 2 driver side of the ABB Robot, particularly concerning
the precision, repeatability, and speed of the robot movements.
Currently, these aspects fall short of the standards achieved by
the native ABB Robot motion controlled through the ABB
Robot Controller, and a refinement would lead to a more
precise and reliable control of the robot’s actions, thereby
enhancing the overall performance and effectiveness of the
robotic system.

RESULTS: Gazebo Simulation Environment
B ERROR: Simulation down
® ERROR: Cube slipped
SUCCESS: Cube placing not perfect
® SUCCESS: Perfect

RESULTS: Real ABB IRB-120 Robot Cell

® ERROR: Cube Detection failed

ERROR: Colour Detection failed

® ERROR: Cube Pose Estimation failed
ERROR: Collision detected by Movelt!2
SUCCESS: Cube placing not perfect

m SUCCESS: Perfect

Fig. 8. Overall performance of the system undertaking the cube detection,
pose estimation and pick-and-place task, in both simulation and the real robot.



VI. CONCLUSION

Our research presents a novel ROS 2-based framework that
markedly simplifies the deployment process for robotic cells,
irrespective of the robot, its end effector or application. This
innovation enables engineers and developers to pivot their
focus towards refining application logic, rather than being
encumbered by the intricacies of integration and deployment
tasks. At the heart of our framework lies its ability to
streamline the deployment process, making it straightforward
and uniform across different types of robotic applications. This
universality not only democratizes access to advanced robotics
for small and medium-sized enterprises in the automation
industry but also significantly reduces the time and resources
typically required for custom robotic solutions.

Our research offers a reproducible and extendable solution,
demonstrated with the object manipulation use-case on the
ABB IRB120 Robot, significantly advancing industrial and
collaborative robotics. The inherent flexibility, scalability, and
modularity of the ROS 2 architecture make it ideal for
reconfigurable systems, supporting diverse operations and
frequent reprogramming needs.

Looking ahead, our future endeavors will concentrate on
standardizing interfaces for the ROS 2 integration of external
hardware and software, further enriching the ecosystem's
capabilities. This effort is not just a step towards enhancing our
framework but also a call to action for the community to
coalesce around the common goal of advancing robotic
simulation and control technologies. In sum, our research
contributes a significant leap towards more adaptable,
accessible, and efficient robotic deployments, promising to
shape the future of robotics in manufacturing and beyond. Our
commitment to open collaboration and continuous
improvement underlines our belief in the transformative
potential of ROS 2-based frameworks in the ever-evolving
landscape of industrial robotics.
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