BRAHUR-BRASERO 2024

V Brazilian Humanoid Robot Workshop and VI Brazilian Workshop on Service Robotics

Object Segmentation with Point Cloud for Autonomous Service Robot
Manipulators

Cauan Vinicius Espinha de Sousa' and Plinio Thomaz Aquino-Junior

Abstract— Robotics has established itself as a versatile and
promising technology, finding applications in various fields,
from industrial production to medical assistance in hospitals
and homes. One of the most common tasks robots perform is
manipulating objects, which can be carried out with precision
and autonomy in unknown environments through object seg-
mentation techniques. Object segmentation by point cloud is a
widely used technique to reconstruct the geometry of objects
in three dimensions (3D). This technique employs a set of
points in a three-dimensional space to represent the surface of
objects, allowing the autonomous robot to identify and locate
objects in an unknown environment. In the proposed scientific
initiation project, the point cloud approach will be explored
for object segmentation and its application in manipulation by
autonomous robots. The proposal is to develop a method that
allows the robot to recognize different objects in an unknown
environment and, based on the segmentation, determine the best
way to manipulate them, considering their geometric charac-
teristics. To this end, experimental analyses and computational
simulations will be conducted to evaluate the efficiency and
precision of the proposed method. The expected results include
a robust and efficient point cloud object segmentation technique
capable of recognizing and manipulating different types of
objects in an unknown environment, thereby contributing to
the advancement of autonomous service robotics.

I. INTRODUCTION

Object segmentation with point clouds for autonomous
service robot manipulators is a significant challenge in
robotics. Object segmentation is identifying regions of in-
terest in an image corresponding to real-world objects to
enable a robot to manipulate them. Point clouds are a type of
sensor used to capture three-dimensional information about
the environment. They are often used in robotics because
they allow the robot to obtain more accurate information
about the scene than a traditional camera. Such detailed
object information enables the robotic platform to use these
data for decision-making regarding base positioning, object
approach, and gripper opening, among other essential actions
in task execution.

Object segmentation with point clouds is a process that
involves extracting relevant information from a point cloud
data set. This information can include the shape, position,
and orientation of objects. Segmentation can be performed
using various techniques, such as analysis of colors, textures,
and shapes.
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There are several approaches to object segmentation with
point clouds. A common approach is region-based segmen-
tation, which divides the scene into regions corresponding to
different objects. Another approach is edge-based segmenta-
tion, which detects object edges in the scene and uses these
edges to segment the objects.

Object segmentation with point clouds is essential for
many robotic applications, such as object manipulation in
factories and automated warehouses, cleaning of hazardous
environments, and applications in healthcare assistance and
home services. Once objects are segmented and identified,
the robot can use this information to safely and efficiently
perform specific tasks, such as picking up, moving, or
stacking objects.

II. APPLICATION CONTEXT

The ability of robots to interact and manipulate objects
in unstructured environments marks a milestone for robotic
autonomy and its practical applicability, especially in the
services domain. This investigation explores advanced object
recognition and manipulation techniques through point cloud
analysis, representing a significant step in this direction. This
study promises to contribute to the scientific community
regarding how robots perceive and interact with their sur-
roundings, empowering them to perform manipulation tasks
with precision and adaptability.

The essence of this study lies in its innovative approach to
object segmentation, a process that enables robots to identify
and locate three-dimensional objects in unknown spaces.
Such capability is fundamental for developing robotic sys-
tems capable of operating autonomously in various environ-
ments, from automated factories to residences. By enhancing
the precision and efficiency with which robots identify and
manipulate objects, this research advances the field of service
robotics. It sets new standards for robotic interaction in
complex scenarios.

The relevance of this work to the development of robotic
platforms is broad and multidimensional. By providing a
methodology for object segmentation in unknown environ-
ments, the research directly addresses one of the biggest
challenges faced by service robotics: adaptation to dynamic
and unpredictable environments. This adaptability is crucial
for expanding robot usage in daily tasks and opening new
possibilities for applications in home assistance, industrial
maintenance, and even healthcare.

The applicability and relevance of this research are ex-
emplified through its integration with the HERA robot [1],
developed by the RoboFEI@Home team in the context of
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the RoboCup@Home competition [2]. HERA represents an
advanced robotic platform designed to meet the challenges
of service robotics in domestic and public environments. The
implementation of object segmentation with point clouds on
this platform demonstrates the technical feasibility of the
research. It highlights the potential of such technologies to
improve service robots’ functionality and efficacy signifi-
cantly. With HERA, the RoboFEI@Home team not only tests
and validates the proposed methods in real scenarios but also
provides valuable feedback for the refinement and evolution
of these techniques as a continuation of various research
efforts that motivate the challenges mapped in this project

(31, [4], [5].

III. FUNDAMENTAL CONCEPTS

This section presents the theoretical concepts that underpin
the work, considering topics such as point clouds, object seg-
mentation, neural networks, advanced simulation, robotics,
and synthetic datasets.

A. Point Cloud

Point clouds are a three-dimensional representation of
objects and scenes formed by many points obtained by
sensors such as 3D cameras and laser scanners. They are
widely used in computer vision, robotics, augmented reality,
and gaming applications. In computer vision, point clouds
are used in the 3D reconstruction of objects from 2D
images, while in robotics, they are employed for navigation
in unknown environments. Heyden [6] provides an in-depth
look at 3D reconstruction techniques, image registration, and
object detection using point clouds.

B. Object Segmentation

Object segmentation is an essential process in computer
vision and robotics involving separating the objects of inter-
est in an image or scene for individual analysis. The image
quality and the scene’s complexity affect the efficiency of
segmentation, and various image processing and computer
vision techniques are used to identify the characteristics of
objects. In Gonzalez [7], one can find object segmentation
techniques and examples of applications in various areas.

C. Convolutional Neural Network - CNN

Convolutional Neural Networks (CNNs) represent an ad-
vanced category of deep neural networks, particularly ef-
fective in processing images and point clouds. A central
feature of CNNss lies in their convolutional layers, which are
crucial in extracting significant spatial features from these
data. These layers use filters, or kernels, that move over the
image or point cloud, analyzing small portions at a time. By
applying these convolution operations, CNNs can identify
patterns such as edges, textures, and other relevant geometric
elements.

This feature extraction process occurs hierarchically: the
initial convolutional layers may capture basic features, while
subsequent layers integrate this information to identify in-
creasingly complex elements. This approach enables CNNs
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to construct a detailed understanding of the spatial structure
of objects contained in images or point clouds, facilitating
tasks such as object recognition, segmentation, and classifi-
cation.

The importance and efficacy of CNNs in this context
are extensively documented, with GoogleFellow cited in [8]
being an essential reference in studying deep learning. This
work offers a comprehensive view of the techniques used in
the field, with particular emphasis on CNNs. It highlights
their fundamental role in the revolution of image processing
and spatial data analysis through machine learning.

D. Advanced Simulation with NVIDIA Omniverse

NVIDIA Omniverse represents a significant evolution in
robot simulation, offering high visual and physical realism.
With advanced features like real-time ray tracing, this plat-
form is ideal for simulations requiring precision and detail.
Moreover, Omniverse facilitates collaboration and integra-
tion with other design, simulation platforms, and robotics
frameworks like ROS, becoming a valuable tool for complex
robotics and automation projects. The ability to simulate
detailed and realistic interactions with the environment opens
new possibilities for testing and developing advanced robotic
systems.

E. Robotics and Automation

To advance in the field of research in object segmen-
tation using point clouds in service robot manipulators, it
is essential to have a solid foundation in various areas of
robotics and automation. These areas include, but are not
limited to, robot kinematics and control, which provide the
fundamentals for understanding how robots move and how
to control these movements precisely. Moreover, a deep
understanding of perception systems and the integration of
sensors and actuators is crucial, allowing robots to interact
with their environment efficiently.

A thorough knowledge of motion control systems is also
vital, as the precision in object manipulation depends on the
robot’s ability to perform complex movements and accurately
adjust its position. Research in object segmentation with
point clouds, specifically, requires a robust understanding
of these concepts and skills in computer vision and image
processing. This knowledge enables researchers to develop
algorithms to interpret three-dimensional data and identify
objects within a space. In Corke [9], the essential principles
of robotics and computer vision are addressed, considering
everything from kinematic analysis to motion planning and
real-time control, providing a comprehensive overview of the
techniques and theories necessary for developing advanced
robotic systems.

F. Synthetic Dataset

Synthetic datasets, artificially generated through algo-
rithms or simulations, aim to replicate characteristics of
accurate data for use in training, testing, and validating
machine learning models, as well as offering ethical alter-
natives for handling sensitive data and mitigating privacy



BRAHUR-BRASERO 2024

issues. These sets are created using statistical models and
simulations to advanced artificial intelligence techniques,
such as Generative Adversarial Networks (GANSs), allowing
for broad application in areas ranging from software devel-
opment to scientific research. Although they offer solutions
for the scarcity of accurate data and ethical issues, they
face challenges related to realism, representativeness, and
the inadvertent introduction of bias, requiring critical use to
ensure their effectiveness and accuracy.

IV. RELATED WORKS

Tang [10] proposes a new unsupervised learning method
for point cloud segmentation. The method consists of learn-
ing the boundaries between different classes of points using
contrastive learning. The algorithm trains a model to predict
whether two points belong to the same class based on their
spatial proximity and point features. Experiments show that
the method is effective and outperforms other point cloud
segmentation methods.

In [11], a new model based on the Transformer for
processing 3D point clouds is presented. The model is de-
signed to extract contextual information at different scales by
dividing the point cloud into strata and applying a stratified
Transformer layer to each stratum. The model also uses
multi-head attention mechanisms to deal with point density
variability. Experiments show that the model is effective in
the classification and segmentation tasks of 3D point clouds.

Cheng’s work [12] introduces a new method for seman-
tic segmentation of 3D point clouds using semi-supervised
learning. The method proposes a new parameter transfer
technique that allows the model to leverage information from
a small amount of labeled data to improve performance on
unlabeled data. The method also uses a point transformation
network to increase the model’s robustness to rotation and
translation variations. Experiments show that the method is
effective in 3D point cloud segmentation tasks with few
labeled data.

In Qin [13], a new method for training a reinforcement
learning agent for dexterous object manipulation in a simu-
lated environment is verified. The method uses point cloud
information to represent the environment configuration, the
object position, and the agent’s action. The algorithm uses
policy optimization techniques to learn a general policy that
can be transferred from the simulated environment to the
real world. Experiments show that the method effectively
performs object manipulation tasks in simulated and real-
world environments.

In [14], a new neural network architecture for 3D point
cloud tasks, such as classification and semantic segmentation,
is proposed. The architecture, called SPH3D-GCN, uses
a combination of convolutional filters and spherical point
transformations to represent the point cloud geometry locally.
Additionally, the method proposes a new batch normalization
scheme to improve training stability. Experiments show that
the SPH3D-GCN architecture outperforms other state-of-the-
art architectures on different datasets and 3D point cloud
tasks.
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Meanwhile, Wang [15] introduces a new convolutional
neural network (CNN) architecture for learning in three-
dimensional point clouds. The proposed approach can ef-
fectively learn the features of dynamic point clouds. The
network is based on a dynamic graph model updated at each
layer to capture variable neighborhood information. Experi-
mental results demonstrated that the proposed approach can
outperform other point cloud learning techniques regarding
accuracy and computational efficiency.

The research [16] highlighted in NVIDIA’s “Eureka”
project reveals an innovative approach to robot training,
utilizing Al-generated reward programs that outperform
those written by humans in over 80 percent of tasks. This
method, benefiting from trial-and-error learning, results in
an average performance improvement of over 50 percent
for robots. Utilizing GPU-accelerated simulation in Isaac
Gym and visual integration with NVIDIA Omniverse, Eu-
reka efficiently evaluates large sets of reward candidates,
continuously improving AI’s generation of reward functions.
This work presents significant advances in robotic autonomy.
It opens new possibilities for creating physically realistic
animations, demonstrating the potential of Al-accelerated
simulation technologies and the Omniverse in transforming
robotic development and digital content production.

This preliminary study verifies that various works have
been conducted emphasizing point cloud segmentation, serv-
ing as a study object for advancing this proposal. Additional
related works will be explored during the execution of this
project.

V. MATERIAL RESOURCES

For the development of this research project, a specific set
of components was necessary to enable the segmentation of
objects by point cloud and its application in manipulation
by autonomous robots. Firstly, using a computer with an
adequate graphics card for processing the required computer
vision is essential. The Jetson Orin is a graphics card widely
used in robotics projects, as it offers high performance in
embedded processing and reduced energy consumption.

Another fundamental component is the use of a depth
camera, such as RealSense, capable of capturing three-
dimensional images and generating the necessary point cloud
for the segmentation and detection of objects. It is essential
to highlight that a standard RGB camera cannot provide
such information, making RealSense a vital component of
the project’s effectiveness.

Additionally, it is essential to have a manipulator capable
of interacting with the segmented and detected objects by
the system. This manipulator must be designed to execute
the necessary movements to manipulate the objects precisely
and safely, ensuring the task’s efficacy. The manipulator to be
used in this project was developed by the RoboFEI@Home
Team, utilizing the HERA robotic platform [1], [2].

Finally, combining these components with the proposed
knowledge and techniques enables advanced research in
point cloud processing and computer vision, with practical
applications in various scenarios, such as industrial process
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automation and mobile robotics. It is important to emphasize
that using these components will provide greater efficiency
and safety in the tasks performed by the robot, bringing
benefits to the industry and other sectors that utilize robotic
technologies.

VI. METHODOLOGY

The proposed methodology begins with creating a syn-
thetic dataset using the Omniverse Replicator. This advanced
tool is designed to generate three-dimensional environments
that reflect, with high fidelity, the graphical and physical
representations of the real world. Through the Replicator,
it will be possible to accurately simulate essential details of
the environment, such as textures, lighting, and the physics
of objects.

To enrich the diversity and quality of the generated data,
specific code will be developed to randomize various aspects
of the environment. This randomization includes the dynamic
alteration of the objects in the scene, lighting conditions, and
even the position and angle of the capture cameras. Such an
approach ensures a wide variety of data, which is essential
for the robust training of artificial intelligence models.
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Fig. 1. Methodology Using Replicator
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After generating and properly annotating the data, the next
step involves training a convolutional neural network (CNN).
This network will be meticulously trained with the produced
synthetic dataset, enabling it to detect and segment objects
accurately in real-time.

With the segmentation completed, the process moves to the
motion planning stage, where the motion plan is calculated
to determine the best trajectory for the robot to manipulate
the object safely and efficiently. This planning considers the
manipulator’s physical characteristics, previously described,
to determine whether the object can or cannot be manipulated
by the hardware in question.

Experimental analyses and computational simulations are
conducted to evaluate the proposed method’s efficiency and
precision, considering different types of objects, environ-
ments, and lighting conditions. This process is crucial to
assess the robustness and generalization of the proposed
algorithm.

Furthermore, great importance is placed on producing
quality research documentation, with version-controlled re-
ports and code shared and documented on Github, thus
facilitating the monitoring and replicability of the research.

Finally, all research findings are shared and tested on the
HERA robotic platform of the RoboFEI@Home Team. This
final step aims to validate the effectiveness of the proposed
methodology in practical scenarios, thereby contributing to
the advancement of knowledge in the field of point cloud
processing and, enabling object manipulation in various
scenarios, optimizing processes, and increasing the efficiency
of autonomous robotic systems.

VII. PRELIMINARY RESULTS

To effectively implement the “Replicator” framework,
sophisticated code incorporating a wide range of 3D mod-
els representing different types of bushes and vegetation
was developed. This set is enriched with diverse textures
meticulously chosen to exemplify potential applications. The
analysis focuses on the human figure strategically positioned
within the scene.

In the initial scenario, a static light source was chosen.
However, an opportunity for enhancement was recognized
by introducing a dynamic lighting system. This evolution
would allow for a more realistic simulation, adapting to the
variable movement of objects within the scene, similar to the
flexibility already implemented in their positioning.

Example of defining random and static objects:

def worker():
worker = rep.create.from_usd (WORKER,
semantics=[ ("class’, ’'worker’)])

with worker:
rep.modify.pose (

position=rep.distribution.
uniform( (=500, 0, -500),
(500, 0, 500)),

rotation=rep.distribution.
uniform((-90,-45, 0),
(7901 45/ O))I
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return worker

rep.
rep.

randomizer.register (env_props)
randomizer.register (worker)

env = rep.create.from_usd (ENVS)
surface = rep.create.from_usd (SURFACE)

camera = rep.create.camera (
focus_distance=800,
f_stop=0.5

)

render_product = rep.create.
render_product (camera, resolution
=(899, 899))

Listing 1. Exemplo de definicdo de elementos estdticos e randomicos

One of the most significant contributions of this method is
its scalability in data production. Remarkably, it eliminates
the need for manual annotations, whether through detailed
segmentations or bounding box delimitations. An exeperient
labaler take four hours to label a thousand images, otherwise
with framework’s engine it would take twenty minutes, be-
cause the Replicator autonomously generates these metadata,
almost one image labeled per second, as the graphic 5
exemples. Freeing users from the burdensome manual labor
that, until recently, was an indispensable step, regardless
of the data collection methodology. This innovation de-
mocratizes access to a vast volume of data and eliminates
the requirement for laborious manual processes previously
mandatory in data preparation for analysis.

Fig. 2.

The output of segmentation from step 1

The synthetic dataset generated so far has proved to be
a valuable tool for the preliminary training of convolutional
neural networks. However, a detailed analysis revealed some
limitations, particularly in the variety and complexity of
environmental conditions and the realistic representation of
objects. For example, the variation in lighting and textures
still needs to fully capture the range of scenarios encountered
in natural environments.

To address these limitations, efforts have been concen-
trated on enhancing the randomization code. This code is
critical in generating a wider diversity of scenarios and is
crucial for effectively training artificial intelligence models.
We are introducing more advanced algorithms to simulate a
broader range of variations.
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Additionally, efforts are concentrated on refining the tex-
tures and physical properties of objects in the dataset. This
includes adjustments in reflectance, roughness, and other
material properties to increase the visual authenticity of
objects. These improvements are iteratively tested to assess
the impact on the performance of neural network models,
focusing on increasing the accuracy and generalization ca-
pacity of detection and segmentation algorithms.

i N

Fig. 3. The output of 2D marking from Step 1

The following steps include a closer integration of sensory
feedback into the simulation process, aiming to generate data
that looks realistic and behaves consistently with the laws of
physics. This is crucial for applications in robotics, where
interaction with natural objects is unpredictable and complex.

The preliminary results indicate significant progress in
creating a robust and realistic synthetic dataset for simulating
robots in 3D environments. The continuous enhancement
of the randomization code and the refined representation of
environmental elements are essential steps toward achieving
a neural network training model that can be effectively
applied to real-world scenarios. This iterative process of
evaluation and continuous improvement is fundamental to
the success of the research.

Fig. 4. The output of the camera from Step 1

VIII. PRELIMINARY CONCLUSIONS

The preliminary conclusions obtained at this project stage
offer a bifurcated view, demonstrating both the proposed
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methodology’s promising potential and imminent limitations.
The success of the plane/object segmentation approach in
simulated environments highlights the theoretical solidity of
the method, outlining a promising path for the autonomous
identification and manipulation of objects by robots. How-
ever, the decreased performance observed in natural environ-
ments underscores a critical area that requires methodologi-
cal refinement.
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Fig. 5. Comparative between images labeled by human and replicator per
hour

The primary difficulty in dealing with oscillatory and
high-magnitude noise illustrates the need to develop robust
noise filtering strategies and, possibly, enhanced segmenta-
tion algorithms that can be resilient to the uncertainties and
complexities inherent in natural environments. The disparity
between simulated and actual results also suggests the need
for a more thorough evaluation of the assumptions and
parameters employed in the current methodology.

Furthermore, the preliminary conclusions point to the im-
portance of exploring machine learning algorithms and other
advanced techniques that may offer better robustness against
adversities encountered in real-world scenarios. Integrating
additional sensory modalities and using a more diverse set
of sensory data could be valuable guidelines for enhancing
the robustness and accuracy of segmentation.

IX. FUTURE WORKS

Building on this research, it’s important to overcome the
current methodology’s shortcomings, particularly the chal-
lenge of noise in natural settings. Future efforts will focus
on developing a new detection technique using edge identi-
fication enhanced by machine learning. This approach aims
to provide more accurate and noise-resilient segmentation
by leveraging machine learning’s ability to identify patterns
and adapt to data variations, enhancing object detection in
complex environments.

Integrating edge detection with machine learning ad-
dresses previous challenges, aiming to create a segmentation
system that excels in simulations and real-world conditions
where uncontrolled variables like noise are prevalent. This
more sophisticated system is expected to significantly en-
hance segmentation precision, boosting the robot’s capability
for effective autonomous object manipulation.
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Additionally, comprehensive experiments and evaluations
in real settings will be conducted to validate the new
method’s effectiveness and robustness. These tests confirm
system performance across various scenarios before practical
deployment.
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