
DEPARTMENT OF INFORMATICS
TECHNISCHE UNIVERSITÄT MÜNCHEN

Master’s Thesis in Robotics, Cognition, Intelligence

Event-based Non-Rigid 3D Tracking

Yuxuan Xue



DEPARTMENT OF INFORMATICS
TECHNISCHE UNIVERSITÄT MÜNCHEN

Master’s Thesis in Robotics, Cognition, Intelligence

Event-based Non-Rigid 3D Tracking

Ereignis-basierte Nichtstarre 3D Verfolgung

Author: Yuxuan Xue
Supervisor: Prof. Dr. Stefan Leutenegger
Advisor: Dr. Jörg Stückler, Haolong Li, M.Sc
Submission Date: 15.06.2022



I confirm that this master’s thesis in robotics, cognition, intelligence is my own work
and I have documented all sources and material used.

Munich, 15.06.2022 Yuxuan Xue



Acknowledgments

I would like to express my gratitude to my advisors, Dr. Jörg Stückler and Haolong
Li, who offered me the attractive topic at MPI-IS and guided me thoroughly throughout
this project. I would also like to thank my supervisor at TUM, Prof. Stefan Leutenegger,
for actively having the discussion and giving valuable feedback. I would also like to
thank my family and friends who supported me and offered deep insight into the
study.



Abstract

Event-based cameras have received much attention in recent years due to their bio-
inspired properties (e.g. high temporal resolution, high dynamic range, etc.). However,
few researchers have addressed the problem of non-rigid object tracking using event-
based cameras. Thus there remains a need for an approach that can reconstruct the
deformation of objects using an asynchronous event stream.

In this project, we first extend existing event stream simulators to generate more
realistic event data more efficiently. Afterward, we report that the event data can be
classified into contour events and texture events. We use the dot product between
the event bearing vector and the mesh face normal to model the contour probability
and distinguish the contour events and texture events. For contour events, we con-
sider a novel system of associating the event to corresponding mesh faces using the
expectation maximization algorithm. For texture events, we use the contrast maximiza-
tion algorithm. We combine the two tracking frameworks to address the individual
limitations.

The experiments and results demonstrate that the proposed contour tracking part
can reconstruct the deformation of texture-less objects (e.g. hand, arm, etc.), because
the generated events are mostly contour events. The combined tracking framework can
perform the rigid reconstruction limited to 2D motion from contour events and texture
events.

The expectation maximization contour tracking approach is our main contribution
to the scientific community. This approach can perform the non-rigid motion recon-
struction using contour events. This can be applied to reconstruct the motion of human
arm and hand using an asynchronous event stream, when the initial template is known
and the global rotation and translation of the body or hand are fixed. Besides, our
proposed contrast maximization texture tracking approach provides a new perspective
on event-based planar 2D motion reconstruction.
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1. Introduction

1.1. Motivation

The capturing and the reconstruction of real-world environments, which enables
VR (Virtual Reality) / AR (Augmented Reality) applications, is one of the most
important research �elds in computer vision. Non-rigid dynamic objects are essential
and frequently appearing targets in both computer vision and robotic tasks. However,
the tracking and reconstruction of non-rigid objects is a challenging problem due to
their complex geometric shapes and deformable surfaces.

Recently, several methods of non-rigid tracking and reconstruction from RGB(-D)
have been established. However, the RGB-based methods are far from optimal when
objects have extremely fast motion or have the motion in high dynamic range (HDR)
scenes. When the objects have fast motion or deformation, the captured images are
likely to be blurred. The existing non-rigid tracking methods perform poorly on blurred
images. Furthermore, these methods cannot work when the light conditions are limited,
e.g., in dark scenes. Thus, there remains a need for an ef�cient method to perform
non-rigid tracking with event-based cameras. Event-based cameras neither suffer from
the image blur, caused by the fast motion, nor the high dynamic range scenario. They
have the potential to outperform conventional RGB cameras in non-rigid tracking tasks
in dark scenes. Nevertheless, till date, only few researchers have addressed the problem
of non-rigid tracking with event-based cameras. Therefore, 3D tracking of non-rigidly
deforming objects from event-based cameras is an emerging research �eld.

Event-based cameras have received much attention in recent years due to their bio-
inspired properties. Unlike the conventional cameras - that capture images at a �xed
rate, event-based cameras asynchronously measure per-pixel brightness change, and
output a stream of events that encode the spatio-temporal coordinates of the bright-
ness change and their polarity. Event-based cameras offer a considerable number of
advantages in computer vision and robotic tasks over conventional cameras, such as
latency in the order of microseconds, a very high dynamic range, and very low power
consumption [12]. Additionally, event-based cameras capture per-pixel data indepen-
dently. These sensors do not suffer from motion blur. Although event-based cameras
have tremendous advantages, they do not capture intensity frames like standard cam-
eras. For this reason, the existing computer vision algorithms are not applicable to
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1. Introduction

events. Over the past �ve years, a great number of event-based approaches were carried
out for applications such as feature detection and tracking, optical �ow estimation,
simultaneous localization and mapping (SLAM), visual-inertial odometry (VIO), image
reconstruction, etc [12]. Nevertheless, there are few methods that have been proposed
for the 3D non-rigid reconstruction with event-based cameras [26, 35].

1.2. Problem Statement and Contributions

In this project, we propose and implement a novel method that performs the 3D
template-based non-rigid object tracking with event-based cameras. As a template-
based approach, the initial 3D shape of objects and their projection on the image plane
are assumed to be known. The optimization-based method iteratively updates the 3D
geometry of objects until the deformed mesh correctly describes the corresponding
events. In our project, we report that the events of objects can be classi�ed into texture
events and contour events. For texture-less objects, most events are generated by the
motion of boundary edges. Thus, we propose a method that can track the deformation
using contour events. Besides, we propose a method to deal with texture events. To
the best of our knowledge, none of the previous event-based non-rigid tracking works
[26, 35] distinguish texture events and contour events. Thus, they do not reconstruct
the deformation using individual events. Hence our work can probably bring a novel
contribution to the scienti�c community.

1.3. Outline

An intuitive sequential structure of the whole thesis can be found in �gure 1.1. We also
provide a summary of each chapter here:

The �rst chapter gives a brief introduction to the motivation of this work. After that,
the objective and structure of the thesis are presented.

The second chapter begins with the state-of-the-art literature in event-based computer
vision relevant to the objective of the thesis. Then, several non-rigid tracking and
reconstruction methods based on different data modalities are presented. At the end
of this chapter, we present two most relevant works to our method, which reconstruct
non-rigid motion of hands using event-based cameras.

Next, the background tools deployed in our work are introduced. We present the
object models that we used as templates to reconstruct the rigid and non-rigid motion.
Then, several techniques related to our tracking method are introduced. Two basic
algorithms are shown at the end of this chapter, which are essential in our work.

2



1. Introduction

Explaining the principle and the function of our event stream simulator are a part of
the fourth chapter. It explains explicitly how synthetic events are generated. Besides, we
compare our simulator thoroughly with other state-of-the-art event stream simulators,
and explain why our simulator is more ef�cient and user-friendly.

We describe our tracking framework in the �fth chapter. We propose non-rigid
motion reconstruction methods and explain the principle and limitation of them in
detail in the chapter.

The experiments and results in our work can be found in chapter six. We evaluate
our tracking framework quantitatively on synthetic data and qualitatively on real data.
Our analysis appears at the end of this chapter.

Finally, we summarize our work and give an overview of the potential future works
in the last chapter.

3



1. Introduction

Figure 1.1.: Structure of the master thesis.
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2. Related Work

2.1. Event-based Cameras

Event-based cameras arose from the discipline of neuromorphic engineering, which
tries to solve a complex problem: �guring out how the brain works and then replicating
it on a chip [12]. As a bio-inspired sensor, event-based cameras capture the logarithmic
pixel-wise brightness change asynchronously, like how the retina works in our brain.
Thus, the outputs of traditional cameras and event-based cameras are completely
different: traditional cameras acquire the visual information of a scene as a stream
of intensity frames at a constant rate, while event-based cameras have no notion of
images since each pixel operates independently. Consequently, in a static scene with
no illumination changes, a traditional camera outputs the same image on each frame.
By contrast, an event-based camera produces no output at the same scene. �gure
2.1 explains the output of event-based cameras intuitively: when the dot is rotating,
a space-time spike event stream is captured. The event stream consists of multiple
events encoded with f x, y, t, polg, to indicate the pixel location, the timestamp, and the
polarity of each event.

Figure 2.1.: Comparison of output between conventional cameras and event-based
cameras. When the dot is rotating, conventional cameras have images at
constant frame rate as output, while event-based cameras have continuous
event stream as output. Image from [33].

5



2. Related Work

Event-based cameras provide signi�cant advantages over conventional cameras:

• High temporal resolution:Event-based cameras are data-driven sensors, where
output depends on the amount of motion or brightness change in the scene.
Events are timestamped with microsecond resolution (1 MHz) and are transmitted
with sub-millisecond latency, which make these sensors react quickly to visual
stimuli [12]. As comparison, conventional cameras usually have frequency of 30 -
60 HZ. High temporal resolution ensures that event-based cameras do not suffer
from motion blur while capturing fast motion in the scenes.

• High dynamic range:Event-based cameras have a very high dynamic range (>
120 dB), which exceeds the 60 dB of high-quality conventional cameras. The
photoreceptors of pixels operate in logarithmic scale. Therefore, event-based
cameras can adapt to very dark as well as very bright stimuli, like biological
retinas.

• Low power and storage consumption:event-based cameras only capture pixel-level
brightness change, which means it avoids redundant data. Power and storage are
only used to process pixel brightness changes.

2.2. Event-based Computer Vision

Since event-based cameras do not have images as output, the existing computer vision
algorithms for conventional cameras cannot be directly applied to event-based cameras.
Recently, a huge amount of computer vision tasks based on event cameras are solved.
In addition, several event-based frameworks are proposed for computer vision tasks.
Section 2.2.1 gives a brief overview of existing event-based frameworks, while several
popular event-based computer vision tasks are introduced in section 2.2.2.

2.2.1. Event-based Measurement Models

Event Generative Model

Bryner et al. [8] proposed the linearized event generative model, which can predict the
brightness change of a tiny time window using the image gradient and the optical �ow:

DL (x; t) ' � hrL (x; t) , V (x; t)i Dt. (2.1)

It is derived from the brightness constancy assumption [39], and the derivation can be
found in equations from 4.2 to 4.6.

6



2. Related Work

The error function based on event generative model can be formulated as

min
X

kDL(u) � DL̂(u; X)k2
L 2(W) , (2.2)

where DL(u) denotes the measured brightness change, which is accumulated from
captured events. In addition, u denotes the pixel location, and W represents the image
domain. DL̂(u; X) is the predicted brightness change according to the event generative
model. In Bryner's approach [8], X is the camera pose which calculates the image
gradient and optical �ow. The error function is minimized over X to solve for the
camera pose which generate the captured events.

In addition to the above-mentioned camera ego-motion tracking method [8], Li and
Stückler [21] deployed the event generative model in 6-DoF object pose tracking. The
performance proves that the event generative model generalizes well to other computer
vision tasks.

It is worth mentioning that the image gradient is indispensable in event generative
model: besides asynchronous event stream, an aligned intensity image frame is always
required. Most dynamic vision sensors from iniVation 1 provide both events stream and
gray-scale images. However, the event generative model is not applicable to event-based
cameras like Prophesee cameras2, which only output high-resolution events but no
intensity frames. Thus the event generative model is not used in our approach, because
we want to reconstruct the deformation only based on a pure event stream.

Contrast Maximization Principle

Gallego et al. [14] proposed a unifying contrast maximization framework for asyn-
chronous event stream. The core idea of this framework is a general objective function
for event data, which has the potential to provide the self-supervision of goal tasks. In
recent years, it is widely used in self-supervised event-based computer vision tasks,
such as optical �ow tracking and camera ego-motion estimation [14, 43].

Recently, several studies on the sharpness quality of IWE have been published.
Gallego et al. [13] discovered and compared more than 20 different focus loss functions,
and concluded that variance is a computational ef�cient but not accurate reward
function. Stoffregen and Kleeman proposed reward function SoSA (Sum of Suppressed
Accumulations) [38], which follows sparsity rewarding and is more robust to noise.

The contrast maximization principle inspires a part of the motion reconstruction
method in our project as well. A detailed explanation of unifying contrast maximization
framework can be found in section 3.6, while the contrast maximization based non-rigid
objects tracking method we proposed is introduced in section 5.4.

1https://inivation.com/
2https://www.prophesee.ai/
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2. Related Work

2.2.2. Event-based Tasks

Optical Flow Estimation

Optical �ow estimation using event-based cameras approximates a continuously time-
varying velocity �eld in image coordinates. Bardow, Davidson, and Leutenegger [2]
jointly reconstructed intensity images and estimated �ow based on events by minimiz-
ing their objective function. However, the accuracy of their approach heavily relies on
the quality of the reconstructed image. Gallego et al. [14] and Zhu et al. [43] proposed
unsupervised optical �ow estimation based on the contrast maximization principle.
Gehrig et al. [15] proposed E-RAFT to estimate the dense optical �ow from events with
a fully-supervised learning method.

Visual Odometry / SLAM

Taking into account above-mentioned advantages of low latency, low power consump-
tion, and high dynamic range, event-based cameras are suitable to be deployed on
robotics platform for real-time SLAM applications. Kim, Leutenegger, and David-
son [17] simultaneously reconstructed the scene and tracked the 6-DoF camera pose
using Kalman �lters. Rebeq et al. [32] fused event stream and IMU measurements to
perform visual-inertial odometry. Rosinol et al. [40] combined event stream, intensity
images, and IMU measurement to perform SLAM and to control a quadrotor. The result
shows that the SLAM system using event-based cameras outperforms conventional
systems in HDR and high-speed scenarios.

Object Pose Estimation

Unlike two previous event-based computer vision tasks, which have been explored and
well studied, object pose estimation using event-based cameras is an emerging research
�eld. Li and Stückler [21] proposed a novel approach that tracks the 3D motion of
objects in a combined way from measurements of event and frame-based cameras. It
deployed the event generative framework introduced in 2.2.1.

2.3. Non-Rigid Tracking and Reconstruction

Methods for 3D reconstruction of non-rigid objects can be categorized into SfT (Shape
from Template) and NRSfM (Non-Rigid Structure f rom M otion). SfT methods recon-
struct the deformed shape of an object from a single image and the object's textured
3D model. The 3D shape of the object, so-called template, is assumed to be known
in advance. The SfT methods can be categorized into analytical and energy-based

8



2. Related Work

methods. Among analytical methods, the focus is on the isometric deformation, which
implies that the geodesic distance between any two points on the surface remains
constant, or the conformal deformation where angles are preserved on the surface
of the shape [4]. Energy-based methods [27] jointly minimize the shape energy and
the reprojection error obtained from the image correspondences. These optimization
methods are appropriate to handle sequential data association with robust kernels to
deal with outliers. NRSfM methods reconstruct the non-rigid surface of the objects
and the corresponding camera poses from monocular image sequences using multi-
frame 2D correspondences computed among the input views. In NRSfM as [28], the
rigidity constraint of the normal SfM method is replaced by constraints on the object's
deformation model.

Lamarca et al. [20] proposed DefSLAM, which is a parallel algorithm composed
of a front-end SfT deformation tracking thread running at a higher frame rate and
a back-end NRSfM to compute SfT template running at a slower frame rate. The
DefSLAM estimates the camera pose and the deformation of the scene simultaneously.
While exploring unseen areas, the DefSLAM estimates a template for the new zone.
Besides, it periodically re-estimates the template to adapt it better to the observed scene.
It is worth mentioning that the DefSLAM performs in deforming scenes in real-time.

Recently, several neural non-rigid tracking and reconstruction methods have been
proposed. Sidhu et al. [37] formulated a fully differentiable dense neural NRSfM
approach with an auto-decoder-based deformation model based on monocular RGB
input. Bo�ic et al. [7] proposed an end-to-end learnable, differentiable RGB-D based
non-rigid tracker in a self-supervised manner. The non-rigid tracker deployed a
correspondence prediction network to predict the dense correspondence from the
source to the target image frame. A differentiable optimizer solves for the deformation
parameter according to the pixel correspondences. However, none of these neural-
network-based methods perform non-rigid tracking in real-time.

2.4. Event-based Non-Rigid Tracking

2.4.1. Event Simulation Framework

Nehvi et al. [26] proposed a template-based non-rigid tracking framework using the
event generative model (Sec. 2.2.1). Given the known previous hand parameter qt � 1 and
the desired hand parameter qt , two images can be rendered. The thresholding function
g(x) can generate an event for each pixel according to the difference of two images
in a smooth and differentiable manner. The generated event stream are compared
with captured events stream. The difference between the input event stream and the
generated event stream is penalized to optimize the desired hand parameter. The

9



2. Related Work

gradient is propogated back to the pose parameter qt using differentiable rendering.
As shown in �gure 2.2, the generated event stream and input event stream are stacked
to frame, which allows the pixel-wise comparison.

Figure 2.2.: Overview of Nehvi's non-rigid objects tracking framework. It uses a differ-
entiable event stream simulator to generate events and compares with the
captured events. The difference is minimized to optimize the objects pose q.
Image from [26].

The bottleneck of Nehvi's method [26] is the quality of the generated event. As
illustrated in �gure 2.2, the generated events are calculated from two rendered images.
As introduced in section 3.2, the rendering process takes lights and the texture map of
the mesh as inputs. However, these two properties are dif�cult to adjust for scenarios
where events are captured. Besides, the simulator renders images with a black back-
ground and generates events according to that feature. The most essential drawback
is, when the capturing scenario doesn't have the pure black background, the captured
events are not the same as the generated events, which leads to non-robustness in the
tracking. Unlike the Nehvi's approach [26] which only uses plain 2D event information,
our method introduced in Chapter 5 relies on the 3D geometry which is inferred from
events. Thus, it doesn't have above-mentioned limitations.

2.4.2. Learning-based Approach

Rudnev et al. [35] proposed a fully supervised deep learning framework for events-
based hand tracking. Since it is dif�cult to obtain the ground-truth hand parameter
label, they used a synthetic event stream to train the neural network model. The
process is shown in �gure 2.3: the input event stream is represented with LNES
(Locally-Normalised Event Surfaces), which encodes all events within a �xed time

10
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window as an image I 2 RW� H � 2. A ResNet-18 network is trained with the event input
representation I to regress the hand parameter q. A constant-velocity Kalman �lter is
deployed on the raw network output to perform the temporal �ltering and to ensure
the smoothness of the tracking.

Figure 2.3.: Overview of Rudnev's EventHandframework. Asynchronous events stream
is represented using LNES and fed into the trained hand pose prediction
network to predict hand pose parameters. Image from [35].

The main limitation of Rudnev's method [35] is that the network can only be trained
on synthetic data. Additionally, it is only applicable for MANO-based (Sec. 3.1.1)
hand tracking. Thus, it does not generalize to other non-rigid object tracking. In
contrast, our method presented in chapter 5 has a well-de�ned objective function. As
an optimization-based method, it does not require the training on the synthetic data
and is not only restricted to the MANO hand model [34].

2.5. Event Representation

As introduced in section 2.1, an event stream contains multiple asynchronous events
encoded with f x, y, t, polg. Usually, several events in a spatio-temporal window are
stacked to formulate event images, which could be used as inputs of neural networks
[35, 43] or reduce the computational complexity [32, 40].

Recently, several event representations are proposed. Rudnev et al. [35] presented
LNES, which encodes asynchronous events within a �xed time window as an two
channel image. Positive events and Negative events are recorded in separate channels
so that the polarity of events are preserved. Zhu et al. [43] discretizied the time domain
to represent events as a three-dimensional volume. The evens are inserted into the
volume using a linearly weighted accumulation. Rebeq et al. [32] and Vidal et al. [40]
stacked the �xed number of events into each spatio-temporal window. The temporal
size of each window is inversely proportional to the event rate. to the event rate. In our
work, we stacked the �xed number of events into each spatio-temporal window too.
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3. Background

This chapter introduces the methods, tools, and algorithms which are used in the project.
The 3D object template model is presented in section 3.1. Section 3.2 introduces how
the gradient is propagated in rendering and section 3.3 explains the hyperparameter
tunning framework we deployed. Besides, the computational ef�ciency is important in
both data simulator and non-rigid motion reconstruction processes. The tools which
are deployed to increase computational ef�ciency are introduced in section 3.4. Section
3.5 presents the analytical geometry background which is essential in our work. In
section 3.6, the contrast maximization principle for event data is explained. At the end
of the chapter, a brief introduction of the expectation maximization algorithm is given,
which is an essential machine learning algorithm. Both contrast maximization and
expectation maximization principles are elaborated in chapter 5.

3.1. Non-Rigid Object Model

As a template-based non-rigid method, the template model is one of the most essential
component. In our project, we performed the deformable motion reconstruction on
both parametric 3D human body model, SMPL-X, and general triangle mesh models.

SMPL (A Skinned M ulti- Person Linear Model) [25] is a parametric human body
model that realistically represents a wide range of human body shapes and can be
posed with natural pose-dependent deformations. The template body mesh model
has n = 6890 vertices and k = 23 joints. Shape parameter b controls the shape of
the body. Pose parameter q is de�ned by 72 parameters, which denote the axis-angle
representation for all joints and the root orientation.

Figure 3.1 describes intuitively the SMPL model expression. Begin with a canonical
body model T , adding the shape blend shapes and pose blend shapes controlled by
the the shape and pose parameters can express arbitrary reasonable human body.

MANO (hand M odel with Articulated and Non-rigid def Ormations) [34] is a differ-
entiable hand model that can map the hand pose parameter and shape parameter into
a 3D hand mesh. In MANO, the pose and shape are de�ned as the linear combination
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3. Background

Figure 3.1.: Template, shape blend space, and pose blend space of SMPL model. Image
from [25].

of a set of vertex offsets. The shape blend parameter is computed from a set of regis-
tered hand shaped, and normalized to the zero pose using PCA (Principle Component
Analysis). Each hand posture is parameterized by a set of principle components coef�-
cients that map a differentiable low-dimensional manifold. The effect of the �rst ten
principle components in the pose space are shown intuitively in �gure 3.2.

In MANO, the hand surface is represented by a manifold triangle mesh M � (V, F)
with n = 778vertices V =

�
vi 2 R3 j 1 � i � n

	
and 1538facesF. The faceF indicates

the connection of the vertices in the hand surface, where the face topology is considered
to be �xed. Given the mesh topology, a set of k = 15 joints J =

�
ji 2 R3 j 1 � i � k

	

can be directly inferred from the hand mesh.

Figure 3.2.: PCA pose space. The left-most image presents the mean pose. The effect
of the �rst ten principle components are shown in the rest of the columns.
Image from [34].

FLAME (FacesLearned with an Articulated M odel and Expressions) [22] is a para-
metric head model. In SMPL-X, the shape of the head is de�ned in the joint shape
parameter b. We use facial expression parametersy to present the rich facial expression.
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3. Background

Figure 3.3.: Shape, pose, and expression of FLAME head model. Image from [22].

3.1.1. SMPL-X Human Body Model

SMPL-X (SMPL eXpressive) [29] is a 3D model of the human body that extends SMPL
body model with the fully articulated hands and an expressive face. As a parametric
human body model, SMPL-X has enormous essential advantages: compatibility with
graphics software, simple parametrization, small size, ef�ciency, differentiable, etc.
SMPL-X is the combination of the SMPL, the MANO, and the FLAME model, which
are introduced in following paragraphs.

SMPL-X uses standard vertex-based linear blend skinning with learned corrective
blend shapes, hasn = 10, 475vertices and k = 54 joints. SMPL-X includes joints for
the neck, jaw, eyeballs and �ngers, etc. SMPL-X is parametrized by pose parameter q,
shape parameter b, and facial expression parameter y . The pose parameterq consists
of the q f for jaw joints, the qh for �nger joints, and the qb for the remaining body joints.
The shape parameter b controls the shape of the body, the face, and both hands. The
facial expressions parameter y expresses the different facial expression. As illustrated
in �gure 3.4, the body, face, and hands parameters in pose and shape space can model
the human accurately.

3.1.2. General Mesh Model

Two common �le formats for storing single meshes are .obj and .ply �les. The obj
�le has a standard way to store extra information about a mesh. In PyTorch3D [30], an
obj �le can be extracted to variables verts , faces, and aux. The verts indicates the
3D coordinates of vertices, represented with a (V,3) -tensor. The faces.verts_idx is
an (F,3) -tensor of the vertex-indices of the corners of the faces. V and F denote the
number of vertices and faces, respectively. The aux is an object contains normals, uv
coordinates, material colors and textures if they are available in the loaded obj �le.
Using the extracted vertices, faces, and textures information, a textured mesh can be
generated and used in PyTorch3D.
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3. Background

Figure 3.4.: SMPL-X can jointly model the human body, face, and hands. Image
from [29].

YCB Benchmarks (Yale-CMU- Berkeley Benchmarks) is an object and model set
which consists of objects of daily life with different shapes, sizes, textures, weight and
rigidity [9]. The set consists of 77 objects divided into 5 categories: Food items, kitchen
items, tool items, shape items, and task items. An overview of all objects can be found
in �gure 3.5. For each object, RGB-D images, high-resolution RGB images, segmentation
masks, calibration information, and textured 3D mesh models are available. Thus, we
choose objects in YCB Benchmarks as the general mesh model in our project.

Figure 3.5.: YCB Benchmarks - object and model set. Image from [9].
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