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ABSTRACT

Accurately simulating object dynamics based on real-world perception inputs has wide
applications in digital twins and robotic manipulation. Yet, doing so requires practitioners
to carefully measure and reconstruct the dynamic and geometric properties of the objects,
which is time-consuming and requires domain expertise. This project proposes an automatic
pipeline to construct 3D representations from a collection of real objects, which can further
be used to generate assets with accurate visual texture and collision geometry to be used
in simulation. This pipeline will be designed to have minimal hardware requirements and
aim to be efficient in time for physical actuation to maximize data collection on minimal
hardware.
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Chapter 1

Introduction

1.1 Motivation

Simulation is widely used in robotics research and development to speed up the setup, testing,
and iteration of new algorithms and provide easily resettable training environments, among
many other purposes [2 5]. For example, physics simulation has fueled many recent advances
in robotics by enabling learning skills in simulation and executing them in the real world [6 8].
This approach, termedSim2Real is desirable as many machine learning-based approaches
require large quantities of interaction data that are much easier to obtain in simulation than

in the real world. An example of such a learning-based approach is reinforcement learning
as seen in works such [6, 7]. Additionally, this approach is becoming increasingly valuable
as robotics shifts toward foundation models, which require even larger training datasets [9].

The Sim-to-Real approach requires the simulated environment to be dynamically accurate
to the real-world scene for algorithms developed in simulation to translate well into the real
world. If the physical and visual properties of the simulated environment lack su cient
delity, policies trained in simulation may fail when transferred into the real world [8, 10,
11].

Currently, researchers must construct a replica of the real-world scene in which the robots
will be trained. Building such a replica involves manually curating object geometries, which
could involve the tedious approximation of object collisions using geometric primitives or
creating more complex meshes using 3D art software, and tuning their dynamic parameters.
This manual process requires domain expertise and is time-consuming. As scenes become
more complicated with more types of objects, the burden to create simulations of all objects
of interest increases. Consequently, it is di cult to scale this process to a large variety of
real-world scenes, creating a Sim2Real gap. Therefore, we aim to develop a fast, reliable
method for replicating real-life objects in simulation.
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1.2 Contributions

This project applies aims to rapidly and autonomously construct a complete simulation
asset description, such as a Uni ed Robot Description Format (URDF), for an object of
interest that exists in the real world. These assets specify the object's appearance/visual
geometry, the collision geometry used for collision checking during simulation, and the
physical properties such as mass and moment of inertia. In particular, this project focuses on
gathering visual and 3D geometric data of real-world objects, which includes visual texture
maps to de ne the appearance of the surface of the object and mesh geometries to de ne
the shape of the object in 3D, to obtain detailed collision geometries.

This data is gathered through autonomous interaction with the objects of interest, priori-
tizing collecting a complete observation of the object surface while maintaining e ciency and
minimizing the complexity of the setup. In particular, we develop our method on a simple
pick and place setup with a 7-DOF robotic arm, which can be easily modi ed to di erent
hardware and is a common setup used by researchers and practitioners. This way, our
method remains accessible and does not require speci ¢ hardware or unrealistic constraints.
Additionally, pick and place is a standard factory task, so our automated pipeline that
integrates into this task is a step towards obtaining data at scale from these factory setups.

There are two main components to this project.

1. A trajectory planner that commands a robot to manipulate a set of objects from a bin
in front of an RGBD camera such that data of all surfaces is collected for each object

2. A data processing pipeline that ingests the collected RGBD images and learns a 3D
representation of the object from arbitrary photometric reconstruction methods, so
that our method can be applied to new photometric reconstruction methods as more
powerful methods are developed in the future. From this representation, the pipeline
further extracts a mesh geometry and texture map of the object, completing the visual
and geometric reconstruction.
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Chapter 2

Literature Review

2.1 Prior Approaches For Addressing The Sim2Real Gap

As Sim2Real gap is a widespread issue in reinforcement learning, various approaches to ad-
dress the problem have been studied [12 20]. Given the diversity of simulation environments
and the complex nature of real environments in which these policies act, these approaches
vary in generality, assumptions, and intended applications.

2.1.1 Parameter Tuning with Existing Models

Many works have approached the problem of poor Sim2Real transfer by adjusting the
parameters that dictate dynamics in the simulated environment.

One such established approach to training policies that are robust to the Sim2Real gap
is domain randomization [12]. Domain randomization addresses this issue by randomizing
environment parameters in the simulation over a distribution of visuals and/or dynamics.
In this way, the trained policy can transfer into the real world as long as the real dynamics
are within the distribution on which the policy was trained. This technique performs best
with a good initial distribution approximation and is not very e cient otherwise.

Other works have aimed to estimate the correct parameters of the real world rather
than train a policy generalized to a distribution of parameters [13, 14]. Like domain
randomization, the need for a known model of the environment to estimate its parameters
means although these approaches address the issue of poor Sim2Real transfer, for each
training setting and object within the scene, a human still must manually construct a
parameterizable representation in simulation.
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2.1.2 Real2Sim in Robotics

Real2Sim [15] is the problem of automatically generating a digital replica of a real-world
scene to reduce the simulation's Sim2Real gap. Works such as [16][17] focus on reconstructing
the visual geometry of an entire static scene. Dynamic objects in the simulation of these
scenes are assumed to be previously known. Le Cleac'h et al. [18] propose a Real2Sim
system for reconstructing an object's geometry from observations and identifying its dynamic
parameters, such as mass and moment of inertia. They rst obtained an implicit model of
the object's geometry from RGB images and then proposed a novel simulation approach
for directly simulating their implicit model. Their method achieves dynamically accurate
object-level Real2Sim from only RGB observations. However, most current simulations [21
23] and model-based approaches still use explicit representations of geometry. Wang et al.
[19] proposed a Real2Sim system for constructing explicit object mesh representations from
depth images. Torne et al. [20] presented a Real2Sim system that reconstructs a 3D scene
from video stream and provided a GUI to add joints to create articulated environments
for RL training. Most importantly, all of these pipelines do not include any method of
automatically obtaining the RGB images to get a full view of the object. We additionally
construct an automatic pipeline that interacts with objects to get data of the entire surface.

2.2 3D Reconstruction

3D reconstruction methods focus on reconstructing geometry from real-world observations
such as RGB and depth images. These methods produce either implicit [24 28] or explicit
[29 31] representations. Explicit methods represent geometry directly, such as with a triangle
mesh. Implicit methods indirectly represent geometry using a continuous function and
consequently can represent geometry in greater detail. Neural Radiance Fields (NeRF) [25,
32] and Gaussian Splatting [28] are implicit methods we apply our object-centric, occlusion
robust 3D reconstruction formula to due to their popularity and the numerous investigations
into variations of these methods, some of which may be better suited for future users of this
method. These methods and their variations fall under the category aieural rendering
which is a class of techniques where rendering of the represented scene is di erentiable,
enabling end-to-end training with gradient descent. From these implicit representations,
mesh extraction algorithms such as Marching Cubes [33] and Poisson reconstruction [34] can
be used to produce a mesh geometry.

2.2.1 NeRFs

NeRFs were introduced by Mildenhall et al. [25] and represent a 3D scene with a learned
continuous function F : (x;d) ! (c; ) that maps a spatial locationx = (x;y;z) and
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viewing directiond = ( ; ) to a view-dependent RGB colorc = (r;g;b) and volume density

NeRFs are trained from images of a static scene where the camera pose within the scene
is known for each image. Given the camera pose, a synthetic image of the scene from the
viewpoint of the camera pose can be rendered from the NeRF by marching along the rays
from the camera's origin for each pixel, compiling the learned colors at the spatial locations
along the ray using the accumulated learned densities.

2.2.2 Gaussian Splatting

Gaussian Splatting is a neural rendering method introduced by Kerbl et al. [35] with the
key advantage of much faster training and rendering times than the previous state of the art,
NeRFs, while preserving quality and high-resolution renderings. Gaussian Splatting takes the
same input as NeRFs but instead represents the scene using a s&DiGaussiansde ned by

a position (mean) , covariance matrix , opacity , and spectral harmonics which represent
color. Similar to NeRFs, the optimization process compares images rendered from the set of
Gaussians to the ground truth images from the captured dataset.

2.3 Next Best View Selection

The quality of 3D reconstructions produced by the above-mentioned methods is highly
dependent on the quality and completeness of the training data. Active 3D reconstruction
dynamically acquires 3D data by intelligently choosing new viewpoints to observe areas
of lower con dence, based on previously collected data. The process of choosing future
observations based on the completeness of information collected from previous observations
has generally been referred to aNext Best View Selection(or Next Best Con guration)
[36 38]. This approach is particularly bene cial for scenarios with occlusions, textureless
surfaces, or ambiguous geometry as it ensures the dataset of collected observations is fully
informative of the scene.

Multiple approaches have been explored regarding active reconstruction and next best
view (NBV) selection. ActiveNeRF [39] and ActiveGS [40] implicitly model uncertainty
at spatial locations with the learned color and density representations. These approaches
construct an information gain metric based on the mapped uncertainty to evaluate and select
future views to gather data from. Alternatively, Jin et al. [41] proposed a mapless planning
framework for NBV selection where a neural network is trained to predict uncertainty at new
view candidates given previously collected images from nearby views. This method does not
require an uncertainty map of the scene or an implicit neural reconstruction with uncertainty
to be updated online while taking more samples.
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2.3.1 Next Best View Manipulation Planning

Previous investigations have also investigated manipulation planning to build a complete 3D
reconstruction of the surface of the manipulated object. Krainin et al. [36] developed a mo-
bile robot system that grasps and manipulates objects in front of a depth camera to create a
full 3D surface reconstruction, optimizing to display less-seen surfaces in trajectory planning
and considering occlusions from previous grasps when planning new grasps. Kobayashi et
al. [37] developed a similar system, but with a dual-arm setup instead.

2.4 3D Scanners

Custom hardware setups have also been used to reconstruct real-world objects with high
delity, rather than relying on planning methods. In 2022, Google Research released a
dataset of 1030 high-quality simulatable reconstructions of everyday objects, collected with
a custom scanning rig where images are taken in a highly calibrated setting [42]. This dataset
has proved to be immensely helpful for training Sim2Real policies on objects that are seen
in the real world [43 45].

2.5 Research Gap

The Google Scanned Objects dataset method of collection provides a direct, mostly au-
tonomous method of reconstructing real-life objects into high- delity simulatable assets,
but their custom, highly-calibrated scanning rig is inaccessible to most practitioners and
researchers. When users want to train a policy on unique or specialized objects that fall
outside the distribution of everyday objects in the Google Scanned Objects dataset or similar
datasets, they still must manually recreate those objects in simulation. Additionally, the
Google Scanned Objects dataset scanner setup requires a human-in-the-loop to manually
insert objects. Therefore, it cannot be run at all times and requires non-negligible human
e ort to scale way beyond the 1,000 objects in the current dataset.

[36] and [37] developed methods to create 3D reconstructions of objects through manipu-
lation for data collection using more common robot setups, but do not complete the pipeline
of creating a fully simulatable asset with collision geometry and physical properties. Addi-
tionally, the hardware setups in these works require multiple robots, and can be simpli ed
to be made even more accessible to users.

Our project tackles the goal of autonomously manipulating objects for 3D reconstruction
with only a xed 7-DOF arm. Without a mobile base or second arm, this setup has
additional constraints on feasible grasps and display trajectories, but requires less hardware,
making it more accessible to future users. Furthermore, we create a full pipeline from object
manipulation to a ready to be used simulatable asset le.
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Chapter 3

System Overview

3.1 Full Pipeline Outline

The investigation presented in this work is part of a larger project to construct a fully
automatic pipeline to extract a physics simulatable asset from a standard pick and place
setup [1]. For each object, the pipeline produces a visual geomeWy(a textured visual
mesh), collision geometryC (a union of convex meshes), and physical propertiés (mass,
center of mass, rotational inertia).

Objects are placed in the rst bin, where the robot picks them up and reconstructs their
visual and collision geometries by moving them in front of a static camera while re-grasping
to reduce occlusions (Section 4.2 & 5.2 & 5.2.1). Next, the robot identi es the object's
physical parameters by following a trajectory designed to be informative for the inertial
parameters. Finally, it places the object into the second bin and repeats the process with
the next object until the bin is empty. The extracted geometric and physical parameters are
combined to generate a complete, simulatable object description. Figure 3.1 illustrates the
asset generation work ow.
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Figure 3.1: An overview of the full automatic asset reconstruction pipeline

This work focuses on the implementation of the pick and place setup and the extraction
of visual textures and 3D collision geometries for generating simulatable assets; the rst,
second, and fourth stage of the pipeline in Figure 3.1.

Zooming into the second stage of the full pipeline diagram, which describes the data
collection and 3D reconstruction for extracting visual and geometric properties of the object,
a more detailed diagram of this step is shown in the gure below 3.2.
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Figure 3.2: A detailed diagram of our visual and geometric reconstruction pipeline

For extracting the texture maps and collision geometries, our system collects RGBD
images while the robot manipulates the object in front of the camera. Once the RGBD images
of an object are collected, they are sent to be asynchronously processed for reconstruction. At
this step, the pose of the object in the camera frame is determined using 6D object tracking
(Section 5.1.2). Then, segmentation is used to produce masks of both the object of interest
and the robot gripper. The combined masks and relative poses of the object to camera are
both used as input into photometric reconstruction methods to train a 3D representation
of the object. The texture map and collision geometry, represented as a triangle mesh, are
then extracted out of the trained representation using existing methods.
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3.2 Physical Setup

Figure 3.3: Our pick-and-place setup.

The physical pick and place setup we used for the implementation and testing of our system
features a Kuka LBR iiwa 7 arm with a Schunk WSG-50 gripper and Toyota Research
Institute Finray ngers. Workspace observations rely on three static RealSense D415 cameras
(orange circles), while bin picking uses a RealSense D435 (green circle), and object scanning
is performed with another D415 (red circle). All cameras capture 68280 resolution RGBD
images. Objects are picked from the right bin and placed into the left bin. A platform is
used in the scanning workspace to enhance the iiwa's kinematic range during re-grasping.

It is important to note that the pipeline introduced in this project is extendable to any
other pick and place setup. This method can be applied to di erent robot hardware, such
as di erent arms, grippers, and motion planners for such, di erent positioning of pick and
place bins, or di erent perception systems. One target application of this project would be to
integrate it into an existing pick and place setup, such as sorting the contents of a starting
bin into multiple ending bins, so that simulatable assets of the objects can be collected
simultaneously to completing another task.
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Chapter 4

Autonomous Pick and Display

In this section, we go over the physical autonomous pick and place pipeline, with focus on
the grasp and display planner, which manipulates the object in front of the data collection
camera with regrasps in order to observe the entire unoccluded surface of the object.

4.1 Background

4.1.1 Grasp Candidate Selection

We roughly follow the sampling method from ten Pas et al. [46] to generate grasp candidates,
with modi cations. The sampling method (given in Algorithm 2 of [46]), is as summarized
below:

1. SampleN points from the point cloud

2. For each point, compute the orthogonal reference frame (Darboux framB,(p)) at
that point. This is the frame such that the gripper's palm is pointing in the opposite
direction of the outward-pointing unit surface normal at the point. Described in
relation to the gripper, the x-axis of D(p) is the axis pointing away from the gripper's
palm, which is parallel to the ngers of the gripper. They-axis is the axis connecting
the two parallel ngers, and the z-axis is the axis orthogonal to the two other axes.

3. For each sample reference frame, search a two-dimensional @sid Y whereY
is a set of translations along they-axis and a set of additional rotations about the
z-axis

4. For each(y; ) 2 G, apply the corresponding translation and rotation toD(p) and
further translate the grasp along the x direction until right before the gripper makes
contact with the object. Check that this nal grasp frame satis es the following
conditions:
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(a) The gripper is not in collision with the object

(b) The closing region of the gripper contains at least one point from the object's
point cloud

5. All grasp frames that pass the conditions above are added to a list of grasp candidates,
which are considered for grasp selection.

In addition to this sampling algorithm, we make a few modi cations in our implemen-
tation. In particular, we found that, in practice, searching along the remaining translations
and rotations from the original Darboux frame (along thez axis and about thex and y
axes) allowed us to nd grasp candidates that were more stable or better aligned with our
desired grasp properties. This approach also took less sampling time than simply increasing
the number of points sampled from the point cloud.

4.1.2 Antipodal Grasping

We useantipodal graspingfor determining stable grasps to pick up the object at each stage
of the pipeline. Antipodal grasping involves a two- nger, parallel jaw gripper, where the
ngers make contact at two points with collinear surface normals in the opposite direction.
We use the method provided in [47] to calculate the antipodal score of a grasp using the
alignment of the surface normals within the gripper closing range to the axis connecting the
ngers of the gripper:
Let:

~

C P be the subset of points within the gripper's closing region,

n' 2 R® be the surface normal at pointp; 2 C,

A

n‘Gy be the component oih' along the gripper's horizontal (closing) axis.

Then the antipodal cost is de ned as:

X 2

antipodal_cost = n'Gy (4.1)

pi2C
We use this score along with other factors to grade sampled grasp candidates based on the
desired properties of the grasp. Depending on the stage of the pipeline, the components of the
scoring function change depending on the goal at that stage. This is described in more detail
in 4.2. Since other scores are factored in for grasp selection, we modify the antipodal cost to
control its weight among the di erent terms in the score. In particular, we exponentiate the
per point terms in the antipodal cost to bias towards grasps where the points of contact are
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more antipodal, rather than grasps with more enclosed points. Additionally, we normalize
by the total number of points and scale the cost by a weightWantipodal ,» SO the proportion
of the antipodal cost in relation to the full grasp score is not dependent on the total size of
the point cloud. Without normalization, it is natural that a larger object with more points
would have more points in the grasping range, and therefore likely have a more substantial
antipodal score.
1 X o2
antipodal_cost_weighted = Wantipodal _J exp n'Gy (4.2)
pi2C

Grasps are ranked in ascending order of score, with lower costs indicating better grasp quality.

4.2 Display Strategy
We aim to employ a display strategy with the following goals:

" Collect observations of all locations on the surface of the desired object

~ Minimize time spent on data collection

We propose the following method. We grasp the object along two perpendicular axes and
move the gripper in front of the viewing camera, then we rotate the obje@60 degalong the
grasp axis by rotating along the nal joint (wrist) of the robot arm. This method minimizes
the number of regrasps, which wastes data collection time since as the robot repositions itself
for a regrasp, the object stays still, resulting in no new observations being collected in that
time. Additionally, rotating the object along two perpendicular axes allows all surfaces of
an object to be observed from the rays of a camera. This result is visualized in Figure 4.1.
During the time that the robot is manipulating the object, we take RGBD images of the
object from a stationary camera for data collection.

It is also important that we select stable grasps, in which objects are unlikely to slip out
of the initial grasp position or fall out during the display trajectory. This is because we want
to ensure the object stays within the working space of the robot to prevent unrecoverable
failures, and that the object continues to be rotated along the planned axis for the method
above to collect the desired data.
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Figure 4.1: Our object scanning method. = We use re-grasps to display the object along
two perpendicular axes, providing the camera with a complete view of the object.

One immediate pitfall that can be noticed about this method is if the gripper occludes
the same areas of the object between both the rst and second rotation. If this happens,
then the surface in those areas cannot be seen during the display trajectory. We employ a
few methods to prevent this issue. The rst is by selecting grasps that are farther apart and
less likely to occlude the same surfaces, which is described in Section 4.3.2. The second is by
keeping an uncertainty map of the surface voxels, and using additional regrasps if necessary
based on the uncertainty map, covered in Section 4.3.3. Finally, we place the object down
after executing the display trajectory facing the opposite direction from the camera as it had
started. This ensures that two faces of the object are viewed completely unoccluded while
the robot is not grasping the object and is reviewed in further detail in 4.5.2.

4.3 Display Grasp Selection

In this section, we go over the methods we investigated in order to implement the above
described display strategy, such as how we nd two perpendicular axes to rotate between
and how we prevent occlusion of the same surfaces from multiple grasps. We rst review
one method we attempted for nding two perpendicular, non-overlapping grasps, that was

not robust enough for our desired automated pipeline. Then, we review an updated method
that was e ective and an additional method to cover any gaps in collected observations.

4.3.1 Method 1 - Sequential Grasp Selection

Our rst method involves using principal component analysis (PCA) to identify three or-
thogonal axes of the object's point cloud. PCA is a statistical method for identifying the
orthogonal directions (principal components) along which data varies the most. Théh

principal axis is the axis which best ts to the points in the set of data, while being orthogonal
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