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Abstract

In the rapidly evolving field of robotics, the ability to accurately grasp and manipu-
late objects—known as robotic grasping—is a cornerstone of autonomous operation. This
capability is pivotal across a multitude of applications, from industrial manufacturing au-
tomation to supply chain management, and is a key determinant of a robot’s ability to
interact effectively with its environment. Central to this capability is the concept of scene
understanding, a complex task that involves interpreting the robot’s environment to facili-
tate decision-making and action planning. This thesis presents a comprehensive exploration
of scene understanding for robotic grasping, with a particular emphasis on pose estimation,
a critical aspect of scene understanding.

Pose estimation, the process of determining the position and orientation of objects
within the robot’s environment, is a crucial component of robotic grasping. It provides the
robot with the necessary spatial information about the objects in the scene, enabling it
to plan and execute grasping actions effectively. However, many current pose estimation
methods provide relative pose compared to a 3D model, which lacks descriptiveness without
referencing the 3D model. This thesis explores the use of keypoints and superquadrics as
more general and descriptive representations of an object’s pose. These novel approaches
address the limitations of traditional methods and significantly enhance the generalizabil-
ity and descriptiveness of pose estimation, thereby improving the overall effectiveness of
robotic grasping.

In addition to pose estimation, this thesis briefly touches upon the importance of uncer-
tainty estimation and explainable Al in the context of robotic grasping. It introduces the
concept of multimodal consistency for uncertainty estimation, providing a reliable measure
of uncertainty that can enhance decision-making in human-in-the-loop situations. Fur-
thermore, it explores the realm of explainable Al, presenting a method for gaining deeper
insights into deep learning models, thereby enhancing their transparency and interpretabil-

1ty.

In summary, this thesis presents a comprehensive approach to scene understanding for
robotic grasping, with a particular emphasis on pose estimation. It addresses key challenges
and advances the state of the art in this critical area of robotics research. The research
is structured around five published papers, each contributing to a unique aspect of the
overall study.
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Chapter 1

Introduction

This introductory chapter provides a high-level overview of the entire thesis. First, in
Section 1.1, an overview of robotic grasping and scene understanding will be given. Then,
in Section 1.2, the problem of pose estimation and the need for better scene understanding
will be discussed. Finally, in Section 1.3, the main scienti ¢ contributions and outline of
the thesis will be presented.

1.1 Motivation

The eld of robotics has seen signi cant advancements in recent years, with robots becom-
ing increasingly prevalent in a variety of sectors including manufacturing, healthcare, and
logistics. A key capability that underpins many of these applications is robotic grasping -
the ability of a robot to accurately identify, grasp, and manipulate objects in its environ-
ment. This is a fundamental requirement for autonomous operation and has the potential
to revolutionize many industries by automating tasks that were previously labor-intensive
or challenging for humans. However, despite the progress made, robotic grasping remains
a complex problem due to the diversity and unpredictability of real-world environments.

A key aspect of robotic grasping is scene understanding, which involves the interpreta-
tion of the robot's environment to facilitate decision-making and action planning. Scene
understanding encompasses several tasks, including object detection, segmentation, and
pose estimation. Among these, pose estimation plays a crucial role as it provides the robot
with the necessary spatial information about the objects in the scene, enabling it to plan
and execute grasping actions e ectively.



Scene understanding is a critical aspect of robotic grasping, providing the robot with
the necessary information to interact e ectively with its environment. This understanding
is crucial at all stages of the grasping process: before, during, and after the grasp.

Before the Grasp: Prior to executing a grasp, the robot must identify and localize
objects, especially in applications like bin picking where items are randomly oriented and
placed. Additionally, understanding the scene can help the robot determine the optimal
order for grasping objects, a crucial factor in cluttered environments.

During the Grasp: As the robot executes the grasp, it must navigate safely within its
environment. This requires the ability to identify potential obstacles and plan a path that
avoids them, a task made more challenging by the close proximity and random arrangement
of objects in applications like bin picking.

After the Grasp: Once an object is grasped, the robot often needs to manipulate it,
such as placing it in a speci c location or orienting it for a task. These manipulation tasks
require knowledge of not only the grasped object's pose but also the spatial layout and
properties of other objects in the scene. This understanding can help the robot determine
where to place the grasped object without disturbing other objects or causing instability.

In essence, scene understanding is a cornerstone of e ective robotic grasping, in uencing
every stage of the process. However, achieving this understanding is a complex task,
requiring the integration of various techniques and methodologies. This thesis aims to
address this challenge, exploring innovative approaches to enhance scene understanding
and, consequently, improve the e ciency and reliability of robotic grasping. The following
sections will delve into the speci ¢ problems this thesis aim to solve and the contributions
made towards this goal.

1.2 Overview of Problem

The task of robotic grasping is inherently complex, involving a multitude of sub-tasks that
each present their own unique challenges. One of the most critical of these sub-tasks is pose
estimation, the process of determining the position and orientation of objects within the
robot's environment. Accurate pose estimation is crucial for successful robotic grasping, as
it provides the spatial information necessary for the robot to plan and execute its grasping
actions.

However, many current pose estimation methods provide relative pose compared to a
3D model. This approach, while useful in certain contexts, lacks descriptiveness without



referencing the 3D model, limiting its applicability and generalizability. This limitation
underscores the need for more general descriptors.

Keypoints, distinctive features of an object that can be reliably detected and tracked
across di erent views, o er the advantage of de ning important features and locations
independent of having to reference a 3D model, and can generalize to an entire class of
objects. However, keypoints also present their own set of challenges. They are di cult
to consistently de ne for arbitrary objects, especially those with uniform or repetitive
patterns. Issues related to symmetry and proximity of objects can further complicate the
pose estimation process, leading to confusion and inaccuracies.

Beyond pose estimation, uncertainty estimation is another challenge in the eld of
robotic grasping. In real-world applications, it is often necessary to have a human-in-the-
loop for situations where the model is uncertain. However, current methods for estimating
uncertainty in robotic grasping are often inadequate, lacking the ability to provide reliable
and interpretable measures of uncertainty.

Understanding the model and the dataset is another critical aspect of robotic grasping.
With the increasing complexity of models used in robotic grasping, there is a growing need
for methods that can provide deeper insights into the model's behavior and the character-
istics of the dataset. This is particularly important in human-in-the-loop situations, where
the ability to provide actionable insights can signi cantly improve the e ectiveness of the
human-robot collaboration.

In summary, the central issue this thesis aims to address is the enhancement of scene
understanding for robotic grasping. This involves addressing challenges in pose estimation,
uncertainty estimation, and understanding of the model and the dataset. Each of these
aspects presents its own unique challenges. Addressing these challenges is not only crucial
for advancing the eld of robotic grasping, but also sets the stage for the contributions
of this thesis, which are aimed at improving the scene understanding model, an essential
component of the overall robotics grasping pipeline. These contributions will be outlined
in the following section.

1.3 Thesis Contributions & Outline

This thesis makes several contributions to the eld of robotic grasping and scene under-
standing, each addressing a unique aspect of the problem statement outlined in Section
1.2. These contributions are encapsulated in the ve chapters that follow this introduction,



with each chapter corresponding to a published paper that delves into a speci c aspect of
the overall study.

Contribution 1: MetaGraspNet vO (Chapter 3)

The rst contribution of this thesis is the creation of MetaGraspNet vO, a large-scale
benchmark dataset for vision-driven robotic grasping via physics-based metaverse synthe-
sis. This dataset provides a comprehensive resource for training and evaluating models
for robotic grasping, o ering a diverse range of objects and grasp scenarios. The cre-
ation of MetaGraspNet vO addresses the need for high-quality, diverse datasets in the eld
of robotic grasping, providing a foundation for further research and development. This
dataset also provides scene layout labels, emphasizing the importance of scene understand-
ing in a robotics grasping scenario. Subsequent chapters will use the dataset introduced in
this chapter for deeper exploration of various challenges.

Contribution 2: Keypoint-based Pose Estimation (Chapter 4)

Chapter 4 investigates the use of keypoints for object pose recognition. This approach
0 ers a more general and descriptive representation of an object's pose compared to tradi-
tional methods that provide relative pose compared to a 3D model. The use of semantically
important keypoints for object pose estimation presents a way to directly gain an under-
standing of where important features of an object are located without having to reference
an exact 3D model, enabling more e ective robotic manipulation and understanding of
object a ordances. However, the implementation of keypoints also presents its own set of
challenges, which are discussed in detail in this chapter. The exploration of keypoint-based
pose estimation contributes to the ongoing e orts to improve the accuracy and generaliz-
ability of pose estimation methods.

Contribution 3: Superquadric-based Pose Estimation (Chapter 5)

To address the limitations of keypoint-based methods, Chapter 5 introduces ShapeShift,
a superquadric-based object pose estimation method for robotic grasping. Superquadrics
provide a more exible and robust representation of object shape, enhancing the ability of
the robot to understand and interact with its environment. Through predicting the poses
of shape primitives used to represent object parts, the method is able to directly predict
useful geometric properties of the scene for use in robotic grasping.

Contribution 4: Multimodal Consistency for Uncertainty Estimation (Chap-
ter 6)

To address the need for reliable and interpretable measures of uncertainty in robotic
grasping, thus enhancing the robot's ability to make informed decisions and facilitating
e ective human-in-the-loop collaboration, Chapter 6 presents MMRNet. Through a gated
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fusion module and a dynamic ensemble learning strategy, MMRNet trains for multimodal
redundancy, enabling reliable prediction even when only one modality of input is present.
Through looking at the consistency in model behaviour with di erent input modalities
enabled, the multimodal consistency (MC) introduced here can be used as an estimation
for model uncertainty.

Contribution 5: Second-order Explainable Al (Chapter 7)

Finally, Chapter 7 delves into the realm of explainable Al, presenting a method for gain-
ing deeper actionable insights into deep learning through second-order explainability. This
approach not only helps understand the model better but also aids in human-in-the-loop
situations by providing actionable insights. The exploration of second-order explainable Al
contributes to the ongoing e orts to make Al models more transparent and interpretable,
enhancing their usability and trustworthiness in real-world applications such as robotics
grasping.

In summary, this thesis presents a comprehensive approach to scene understanding
for robotic grasping, addressing key challenges and advancing the state-of-the-art in this
critical area of robotics research. The following chapters will delve into each of these con-
tributions in detail, providing a thorough exploration of the methodologies, experiments,
and results associated with each aspect of the study.



Chapter 2

Background

This chapter provides an overview of the foundational concepts and prior works that un-
derpin the research presented in this thesis. We begin by discussing prior work for direct
predictions of robotic grasping and the challenges associated with it. We then delve into
the various methodologies and techniques that have been proposed to address these chal-
lenges, focusing on improvements for scene understanding including keypoints, and pose
estimation. After discussing some disadvantages of those works, we then explore the use
of geometric primitives and superquadrics representations in robotic grasping. The chap-
ter concludes by looking at the need for uncertainty estimation and Explainable Al in a
robotics grasping task.

2.1 Robotic grasping

Robotic grasping is a fundamental capability for robots, enabling them to interact with
and manipulate objects in their environment. The end goal of robotic grasping is not
just to pick up an object but to do so in a manner that is e cient, safe, and suitable
for subsequent tasks. This section reviews the key advancements in the domain of grasp
predictions.

2.1.1 Jaw Grippers

Jaw grippers are among the most common tools used in robotic grasping. They function
by clamping down on an object, much like a human hand. Several works have focused

6



on improving the e ciency of jaw grippers. There exists a multitude of prior works for
direct robotics grasp prediction using jaw grippers. Jiang et al. [6] introduced an e cient
grasping approach from RGBD images, utilizing a new rectangle representation paradigm.
This method has been used by many subsequent works, such as Kumra et al. [7], who
applied deep convolutional neural networks for robotic grasp detection. The eld has seen
continuous advancements with contributions like GraspNet by Asif et al. [8], GraspNet-
1Billion by Fang et al. [9], and Dex-Net 2.0 by Mahler et al. [10]. Yan et al. [11] explored
learning 6-DOF grasping interaction via deep geometry-aware 3D representations, while
Zhang et al. [12] focused on ROI-based robotic grasp detection for object overlapping
scenes. More recent works include Contact-GraspNet by Sundermeyer et al. [13] and a
real-time, generative grasp synthesis approach by Morrison et al. [14].

2.1.2 Suction Grasping

Suction grasping involves using a vacuum to pick up objects. This method is particularly
useful for objects that are di cult to grasp with jaw grippers. Suction grasping has also
been extensively studied, with works like SuctionNet-1Billion by Cao et al. [15] and a
CNN-based grasp planning method by Zhang et al. [16] for random picking of unknown
objects with a vacuum gripper.

2.1.3 Challenges and Advantages

Despite the progress, direct grasp prediction su ers from several issues. A separate model is
often needed for each type of grasper, and the models generally predict many possible grasp
points for each given object. This makes it di cult to integrate for later manipulation task
reasoning, such as navigating around other objects or considering fragile areas of the object.
However, direct grasp prediction does have some advantages, such as being object-agnostic
and capable of picking up any general object.

2.1.4 Spatial relationship reasoning

Some researchers have attempted to integrate reasoning between object relationships, such
as manipulation order. Works like REGRAD by Zhang et al. [17] and Graph-Based
Visual Manipulation Relationship Reasoning Network by Zuo et al. [18] have explored
this direction. However, these outputs usually only simple graphs about the occlusion



or superposition relationship and may be di cult to reason about more complex spatial
relationships, such as path planning for navigating an object around another object.

2.2 Pose estimation

Pose estimation [19] oers a way to have more information about objects in a scene,
including their orientation and spatial relation to each other. There has been extensive
work in this area, ranging from early works using template-based and context descriptor-
based approaches [20{23] to more modern techniques utilizing deep learning.

2.2.1 Datasets

Several datasets have been introduced to facilitate research in pose estimation. PAS-
CAL3D+ [24] augments 12 rigid categories, including cars, planes, sofas, and so forth, of
the PASCAL VOC 2021 [25] with 3D annotations. 3d meshes are labeled according to
their semantic keypoint locations on an image. There are multiple meshes available for
each category but none are guaranteed to be an exact match to the image.

In contrast, datasets used in the BOP challenges [26{28] are geared directly towards
smaller objects that may be used for robotic grasping. These objects generally match di-
rectly with the 3D models used in labelling, and are labeled by the transformation necessary
to move the provided 3d mesh or CAD model to the right location and orientation on the
image rather than by any keypoints. BOP datasets contain both synthetic and real images.
However, not all objects in the scene are guaranteed to be labeled with the corresponding
pose. Recent iterations of the BOP challenge evaluates on the VIVO task (varying num-
ber of instances of a varying number of objects), while previous iterations evaluated on
the SISO task (single instance of a single object). Some major datasets included within
the challenges includes LineMOD [29], the updated linemod-occluded dataset [21], YCB-V
[30, 31], T-LESSS [32], HOPE [33], and HomebrewedDB [34].

Knowing what datasets the methods are being evaluated on can often be informative
about some of the problems it attempts to solve. For example, the T-LESS [32] dataset
has a signi cant number symmetrical objects which may make poses ambiguous, and can
have repeated instances of each class per image, unlike with LineMOD [29] and YCB-V

[31].



2.2.2 Direct 6DOF prediction

Direct methods go directly from input image to pose estimation without any intermediate
representation or keypoint matching. These methods have the advantage of generally being
fully di erentiable and also tend to deal better with occlusion out of the box.

PoseCNN [31] is a model introduced with the YCB-V dataset, and pose is predicted
through localizing its center in the image, predicting its distance from the camera, and
and a direct regression for the rotation quaternerion. SSD-6D [35] extends the SSD object
detection architecture (as suggested in the name) to cover the 6D pose space, generating an
additional score for possible viewpoints and rotation. E cientPose [36] similarily expands
upon the E cientDet architecture [37]. Other techniques include using iterative re nement
[38{40], implicit learning [41], segmentation mask [42], and multiple view points [43].

However, since the output of direct pose estimation methods are only the location and
rotation matrix of the object, it only becomes useful for robotics grasping when a corre-
sponding 3D model is referenced. This not only creates further computational requirement
on the system, it also necessitates a close match with a 3D mesh or point-cloud, which
makes the data collection process for new objects signi cantly more di cult than other
tasks like object detection or segmentation.

2.2.3 Keypoints based methods

The use of semantic keypoints is common for the task of human pose estimation [44{47] but
can be di cult to translate well into the object pose estimation domain. There are several
works exploring the advantages and challenges in this approach, using a number of di erent
keypoints de nitions. These methods would use the point correspondence outputs as an
intermediate representation to be taken as input for a secondary stage, either RANSAC-
based [48] or another network prediction head [49{51] for the nal pose prediction.

Box corner points representation

Some methods simply takes the 8 corners of the orientated 3D bounding boxes [52{55] or
interpolated bounding box [7] as the keypoint labels. Even though such methods utilize
keypoints as intermediate representations, they do not provide much further geometric
information compared to direct prediction methods beyond a rough spatial occupancy.



Furthest point sampling

Other methods have looked at sampling a set number of points on the object surface
which are furthest away from each other as a way to identify keypoints, known as furthest
point sampling (FPS). This was rst introduced in Pvnet [56] which argued that the
oating points of the 3D bounding box corners would be more di cult to nd due to being
disconnected from the object itself. PVN3D followed by predicting 3D keypoints rather
than 2d [57], b6d [58] uses SIFT-FPS to distinctive texture in 2D, to then resample using
FPS.

Furthest point sampling has proven very popular in many subsequent works [49, 50, 59{

] due to being fully automatic and can be computed on any point cloud. However,

this also means that each keypoint does not contain any information on the geometric or
semantic properties of the surface region around it.

Dense correspondence maps

While the prior two keypoints representations can be thought of as sparse point correspon-
dences, a more popular method uses dense correspondences between the image and its 3D
model. One signi cant reason is due a higher sensitivity to occlusion in sparse keypoint
representation methods [64]. Some methods handle this through predicting each pixel's
relationship to its sparse keypoint locations [57, 60] while others focuses on augmentation
techniques [62] or explicitly modeling self-occlusion [61].

Dense correspondence methods [51, 64{71] predicts a mapping of each pixel or point
cloud vertex, making each individual correspondence prediction less important for the nal
pose calculation. These methods have proven very robust, with GDR-Net [51] in particular
dominating the 2022 BOP challenge [28], as variations of the model won 8 out of 11 awards.

Semantically important keypoints

Other works have elected to use semantically important keypoints as an intermediate rep-
resentation. Pavlakoset al. [72] uses the pre-de ned points from the PASCAL3D+ dataset
[24], while Kundu et al. [73] uses the same dataset but also samples a denser skeleton of
keypoints between the originally structurally important points. Merrill et al. [74] used the
YCB-V dataset [31] and annotated the 3D objects for structurally important segments.

Semantically important keypoints does not have any advantages in terms of accuracy
in the pose estimation task compared to other representation methods. Dense keypoints
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have shown to be more robust to occlusion compared to sparse keypoints methods [64].
In addition compared to other sparse methods, requiring each keypoint to be of semantic
importance makes the de nition of keypoint placement signi cantly more di cult to label

and maintain consistency between di erent object classes.

However, such keypoint de nition has shown some advantages in the downstream task of
robotics manipulation. Speci cally, semantically important keypoints enables task-speci ¢
grasps [75] as well as understanding object a ordances during robotic manipulation [76].

In addition, although semantically keypoints struggle with inter-category consistency,
it is able to maintain intra-category consistency as they're based o semantic details rather
than a particular 3D model. As such, these methods are able to applied to category-level
pose estimation rather than instance-level. Other methods targeting this speci ¢ problem
will also be addressed in the following section.

2.2.4 Beyond instance-level pose estimation

Beyond instance-level pose estimation is the task of category-level pose estimation. Here,
there is no one-to-one match between the input image and a reference 3D model, and
the model must instead generalize across the intra-category variations. Sparse semantic
keypoints can do this through maintaining a consistent intra-category keypoint de nition,
but other methods [77{86] were also introduced to speci cally target this problem.

Pose can also be de ned as a relative pose from another image or shape. Rather than
trained for a speci c nite set of 3D objects, these techniques look at an arbitrary object
in a reference pose, and attempt to predict the transformation needed for another input
pose. These works [87{92] are generally referred to as one-shot pose estimation methods.

However, due to large intra-category variation, it is very di cult to use category-level
pose information for robotic grasping and manipulation, as there is little information on the
physical structure of the object. One-shot methods still may require 3D models [87, 89],
or, when photos or video based, would either generate a point cloud that needs to be
referenced for grasping prediction [90, 91], or would only predict the pose, and there would
be no structural information that can be passed on to the robotics grasping pipeline [88, 92].

2.3 Primitive shapes

Another way to represent 3D shapes while directly predicting geometric properties of the
object is to represent an object as a composition of shape primitives. This concept of an
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object as a composition of primitive parts has been thought about by researchers very early
on [93]. This sort of 3D shape approximation o ers advantages over 3D reconstruction,
including directly describing the predicted geometric features and object or part segmen-
tation without further processing, less computational intensity, and less noise, but will not
exactly describe the 3D scene.

Such shape abstractions include using a collection of shape primitive categories such
as cylinders, rings, cuboid, sticks, and so forth [94{97], parametric surface patches [98],
generalized sweeps with cuboids or cylinders [7, 99, ], cuboids [101{106], ellipsoidal
structures [107], category-speci ¢ structures [108, ], as well as superquadrics.

Superquadrics are 3D structures de ned through a simple implicit function. Through
changing the shape parameters of the function, it can become cubes, spheres, cylindars,
and intermediate shapes in between. The concept was rst introduced in 1981 by Barr
[110], Solina and Bajcsy [111] and Jakli [112] o ers a more detailed introduction to these
parameterized structures.

Many works explore tting superquadrics to objects. However, prior works have pri-
marily focused on approximating point clouds or 3D meshes [113{116], or a single object
without complex background or occlusions [117]. Other works have also learned to predict
the pose and shape of objects exactly matching the primitive shape rather than real objects
approximated using primitive shapes [118, ]

In addition, superquadrics have shown to be useful in learning grasping behaviour
[120{122]. However, these works did not use any deep learning methods to compute the
superquadric pose directly. Makhaét al. [120] used Principal Component Analysis (PCA)
on the depth data, Vezzaniet al. [121] used a classi er to determine the discrete cate-
gory of superquadric (parallelepipeds, cylinders, spheres) before continuing with classical
optimization methods, and Wu et al. [122] utilized the non-deep-learning optimization
described by Liuet al. [114].

One constraint of the superquadric representation is that, in its basic form, it is re-
stricted to symmetrical and convex parts. This means that, to describe a single concave
shape, most superquadric tting techniques elect to Il the object with many thin blobs
of superquadrics. A solution would be to add further complexity to the superquadric
de nition through the sue of deformable superquadrics.
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2.4 Uncertainty Estimation

In situations where a human is actively interacting with a robot, communication regarding
uncertainty is highly important [123, ]. However, using only the softmax output of most
computer vision models is insu cient for an estimation of the model's certainty, as that
output can become overin ated even in very uncertain, out of domain situations [125].

There are two separate types of uncertainty that needs to be modeled: aleatoric and
epistemic [126, ]. Aleatoric uncertainty is also commonly known as data uncertainty,
and is caused by inherent noise inside the data, such as poor sensor quality. This type of
uncertainty cannot be reduced through more data or better training. Epistemic uncertainty
is also called model uncertainty, and is produced due poor training data in that particular
group. Aleatoric uncertainty is more important in large data situations, where epistemic
uncertainty can be largely resolved through having enough data samples, while epistemic
uncertainty is highly important for safety-critical applications, sparse training data, and
when there may be expectations of distribution shift from the training data [128].

Popular ways of estimating uncertainty include bayesian inference [125, {134], en-
semble approaches [135{140], and explicit prediction approaches [141, {145].

Bayesian inference approaches perform multiple forward passes of a single model, where
each pass produces a dierent output. This can be achieved through dropout [125] or
through a bayesian neural network [146, ]. The variation within the samples of the
output can be used to approximate the model uncertainty.

Ensemble approaches are similar except instead of using a single model, outputs of
multiple deterministic models are sampled.

Finally, explicit prediction approaches seeks to directly predict an uncertainty score for
each input as an additional output of the model. This is computationally less intensive
than the other two methods, requiring only a single forward pass rather than sampling
many outputs, but is highly sensitive to the training process.

2.5 Explainable Al

In order to better understand the model's prediction, we can also explore the realm of
model explainability, or explainable Al.

A signi cant number of publications focuses on identifying salient areas of the input.
These generally come in the form of heat-maps identifying important areas in the input
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image [148{150]. These can be classi ed as local approaches and generally aid in under-
standing a model's reasoning behind a single image.

A di erent approach seeks to provide a more global understanding of the model through
probing at the layer within the model itself, such as through generating or nding images
which would most maximally activate particular layers [151{153].

Both approaches require a heavy amount of human interpretation of results and are
highly qualitative. Local approaches only provide information on the single image input
provided, and usually one must manually go through the heat map results to identify
potential patterns of interest that may be present in the dataset. Global approaches
promise data agnostic results that o er a more comprehensive view of how the model may
react in di erent circumstances. However, the highly abstract visualizations common in
these methods are not generally understandable by a human viewer without signi cant,
case-by-case investigation.

14



Chapter 3

MetaGraspNet _vO: A Large-Scale
Benchmark Dataset for Vision-driven
Robotic Grasping via Physics-based
Metaverse Synthesis

This chapter delves into the creation and application of MetaGraspNet vO, a large-scale
benchmark dataset designed to enhance the capabilities of vision-driven robotic grasping.
Developed through physics-based metaverse synthesis, MetaGraspNet vO o ers a diverse
range of scenarios with 100,000 images and 25 di erent object types. The chapter will
discuss the unique features of the dataset, such as object layout labels and layout-based
di culty levels. This chapter will explore how these features contribute to a more nu-
anced understanding of the scene, thereby facilitating more e ective robotic grasping. The
insights gained from this dataset will serve as a stepping stone towards addressing the
broader challenges in the eld of robotic grasping. The MetaGraspNet benchmark dataset
will be available open-source on Kaggfe with the rst phase consisting of detailed object
detection, segmentation, layout annotations, and a script for layout-weighted performance
metric (https://github.com/y2863/MetaGraspNet ).

Lhttps://iwww.kaggle.com/metagrasp/metagraspnetdifficulty1-easy
https://www.kaggle.com/metagrasp/metagraspnetdifficulty2-medium
https://lwww.kaggle.com/metagrasp/metagraspnetdifficulty3-hard1
https://www.kaggle.com/metagrasp/metagraspnetdifficulty4-hard2
https://www.kaggle.com/metagrasp/metagraspnetdifficulty5-very-hard
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3.1 Introduction

There has been increasing interest in smart factories powered by robotics systems to tackle
repetitive, laborious tasks such as handing and sorting objects or managing the mate-
rial ow. One particular impactful yet challenging task in robotics-powered smart factory
applications is robotic grasping which involves using robotic arms to grasp objects. A com-
mon robotic grasping scenario found in production system or warehouses includes moving
a speci c object from one bin to another (order picking). The seemingly simple task for hu-
man is quite complex for the robots to perform, requiring a variety of computer vision tasks
such as object detection, segmentation, grasp prediction, pick planning, etc. While signif-
icant progress has been made in the leveraging of machine learning strategies for robotic
grasping [9, 13, 14, ], particularly with deep learning, a very big challenge in tackling
this problem is the need for large-scale, high-quality RGBD datasets that cover a wide
diversity of scenarios and permutations (e.g., di erent combination of objects, di erent
ordering and orientation of objects, di erent ways of stacking objects.).

Many existing grasping datasets [8{12, 31] provide large-scale and high image quality
data, but they have simple and similar environment settings, such as objects are placed
in a common way without stacking. Another important attribute current large grasping
datasets lack is environment layout on how the objects are positioned and stacked, espe-
cially in a cluttered environment. In scenarios where robotic arms are required to pick a
speci c item from a cluttered scene, picking an obstructed object before removing obstacles
could lead to signi cant damage as the objects covering it are forced out of the way. With
environment layout labels, pick planning can be trained more intelligently to avoid object
damages [18, : ]. However, there are only a few datasets [155{157] providing layout
labels. Most of the datasets [155, ] have limited training value as they lack in data size,
depth information, as well as segmentation labels. In addition, objects should be picked
sequentially. Occluded objects will be revealed once top objects are picked. Thus, not all
the objects in a scene are equally important, and top objects are more important to eval-
uate. An object detection and segmentation metric weighted according the environment
layout would better re ect the performance of a model for a robotic grasping task.

Motivated to tackle this big, diverse data problem, we are inspired by the recent rise in
the concept of metaverse, which has greatly closed the gap between virtual worlds and the
physical world. In particular, metaverses allow us to create digital twins of real-world man-
ufacturing scenarios and enter these metaverses to virtually create di erent scenarios from
which large volumes of high quality data can be generated for training models. this chapter
presents MetaGraspNet: a large-scale benchmark dataset for vision-driven robotic grasp-
ing via physics-based metaverse synthesis. This dataset contains 100,000 RGBD images,
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Figure 3.1: Example data in MetaGraspNet benchmark dataset: a) RGB image. b) Depth
image. c) Instance annotations. d) Occlusion percentage annotations. Objects are marked
with their occlusion percentage, while background is marked with a value of -0.1 .

11,000 scenes, and 25 classes of objects. The dataset is split into 5 di culties to evaluate
object detection and segmentation model performance in di erent grasping scenarios. In
addition, this chapter propose a new layout-weighted performance metric alongside the
MetaGraspNet benchmark dataset for evaluating object detection and segmentation per-
formance in a manner that is more appropriate for robotic grasp applications compared to
existing general-purpose performance metrics. The proposed MetaGraspNet benchmark
dataset will be available in an open-source form on Kaggle [158], with the rst phase
consisting of detailed object detection, segmentation, layout annotations, and a script for
layout-weighted performance metric [{ttps://github.com/y2863/MetaGraspNet ).

3.2 Dataset

3.2.1 Physics-based Data Synthesis in the Metaverse

Manually capturing object detection datasets in real-world robotic bin picking environ-
ments is intractable in most practical scenarios for a number of key reasons. First of all,
this manual capturing process involves repeatedly setting up physical grasping environ-
ment, physically placing di erent objects into the physical environment, recording images
with sensors, and removing objects. As such, this process is very time consuming, labori-
ous, and unscalable in most practical scenarios as it requires the entire capture process to
be manually repeated for each environment and scenario. Second, the manual process of
placing di erent objects into di erent layouts by a human operator also means that the way

the objects are arranged in three dimensional space often does not re ect how objects are
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physically dropped together into a pile during the material handling processes in real-world
warehouses or industry related scenarios. Third, manually labeling the sensor data is very
time consuming, therefore static, and cannot keep up with the emerging demand for data
needed for training deep neural networks. In [9], Fangt al. have come up with an intuitive
way to overcome the enormous labeling e ort for each viewpoint by mounting the camera
to the robotic end e ector and recording the relative movement between image frames,
however their approach still needs precise initial manual annotations for each scene and is
restricted to known objects and physical environments with a robotic manipulator. Image
synthesis approaches that generated images based on randomizing object counts, poses,
and positions can be used to cut down the data collection time signi cantly, but creates
unrealistic or physically impossible layouts where an object can overlap with other objects
in the same spatial location. As such, the e ectiveness of training deep learning models
using images generated in this fashion can be very limited for real-world deployment sce-
narios. Therefore, a way to generated large-scale benchmark datasets with highly diverse
environments and layout permutations for vision-driven robotic grasping in a scalable yet
realistic manner is highly desired.

Motivated by this, this chapter take inspiration from the recent rise of metaverses, which
are highly immersive virtual environments that facilitates for signi cant interaction. The
signi cant advancements in metaverses have signi cantly closed the gap between virtual
worlds and the physical world, particularly in physics-based metaverse creation platforms
such as the Nvidia Omniverse [159].

To create the proposed MetaGraspNet benchmark dataset, we leverage Nvidia Omni-
verse to create photorealistic, physics-driven digital twins of di erent real-world manufac-
turing scenarios. Within these digital twins, we then randomly drop objects under di er-
ent environment con gurations and let the objects interact through physics simulation to
ensure the object layouts as captured within the MetaGraspNet dataset are realistic and
physically accurate (as shown in Figure 3.2). Performing the data capturing process in such
realistic manufacturing digital twin metaverses enables us to greatly scale in data quantity
and diversity beyond what is possible with real-world manual capturing approaches in a
very e cient and e ective manner, but also allow us to obtain high quality, realistic data
that mimics real-world physical scenarios well beyond what is possible with image synthesis
approaches.

3.2.2 Object Layout Label

In addition to the typical semantic mask labels, we propose three more labels to characterize
the object layouts.
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Figure 3.2: Physics-based data synthesis: Items are dropped into the photorealistic,
physics-driven metaverse digital twin of di erent manufacturing scenarios.

The rst label, occlusion percentage describes the percentage area of each object being
occluded. This score provides an indirect measure for each object on their relationship
with other objects in the layout. This score is calculated as the percent of pixels removed
in the instance segmentation mask compared to the total number of pixels of the object if
all other objects in the image are removed.

The second label is a matrix storing the relation between each pair of objects, providing
a comprehensive layout representation. To construct the relation matrix, we de ne three
types of relationship for a pair of objectsA and B. If A is occludingB, we de ne the
relationship between A;B) as positive, with a numerical value of 1. If A is occluded by
B, we de ne the relationship between A; B) as negative, with a numerical value of -1. If
A and B have no direct relationship orA = B, we de ne the relationship between 4;B)
as neutral, with a numerical value of 0. Based on these de nitions, for a layout withl
objects, we create a relation matrix withNxN elements, where elemeni;( ) in the matrix
is the relationship between object and object;] .

The third label is aiming to provide a simpler layout description in line with the robotic
grasping task. For each object in the environment, we want to answer to the following
question. How many other objects are on top of the current object that need to be moved
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Figure 3.3: Example of how a graph of objects is categorized into the di erent layers (Top,
secondary, others). Each graph edge represents an instance of an object covering the other.

away before picking? To better understand the order in which objects must be grasped,
we create a directed graph to represent each layout. Each node represents an object in
the layout and each edge represents an obstruction relationship where the parent object
is covering the child. From this representation, we can see what objects and how many
objects are occluding the same object. As robots pick objects sequentially, occluded objects
will be revealed entirely once the objects on top of them are picked. Therefore, it is not
necessary to evaluate occluded objects that are at the bottom of the scene. Sometimes,
the occlusion between objects is small enough that can be ignored, so objects occluded by
only a single other objects are also important to be evaluated. Given this, we categorize
each object in a layout into 3 di erent layers. Top layer contains objects that are clear
of any obstructions. Secondary layer includes objects that are covered by only a single
other object. Others layer includes the rest of the objects. In some cases, there could
be groups of interlocked objects. Interlocked objects that are being directly covered by
only one object would be considered to be within the secondary layer. An example of a
environment of objects from the top down view and the resulting graph can be seen in
Figure 3.3.

3.2.3 Layout-based Di culty Levels

While per category object detection metrics can measure performance on speci ¢ categories
of objects, a di culty rating for the overall environment would better allow us to elimi-
nate hard examples and better understand how the model would perform under di erent
environment conditions.
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