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Abstract

The hand is the most commonly used body part for interacting with our three-dimensional world.
While it may seem ordinary, replicating hand movements with robots or in virtual/augmented reality
is highly complex. Research on how hands interact with objects is crucial for advancing robotics,
virtual reality, and human-computer interaction. Understanding hand movements and manipulation is
critical to creating more intuitive and responsive technologies, which can significantly improve accuracy,
efficiency, and scalability in various industries. Despite extensive research, programming robots to
mimic human-hand interactions remains a challenging goal.

One of the biggest challenges is collecting accurate 3D data for hand-object grasping. This process is
complicated because of the hand’s flexibility and how hands and objects occlude in grasping poses. Col-
lecting such data often requires expensive and sophisticated setups. However, recently, neural fields [1]
have emerged, which can model 3D scenes using only multi-view images or videos. Neural fields use a
continuous neural function to represent 3D scenes without needing 3D ground truth data, relying instead
on differentiable rendering and multi-view photometric loss. With growing interest, these methods are
becoming faster, more efficient, and better at modeling complex scenes.

This thesis explores how neural fields can address two specific subproblems in hand-object inter-
action research. The first problem is generating novel grasps, which means predicting the final grasp
pose of a hand based on its initial position and the object’s shape and location. The challenge is creat-
ing a generative model that can predict accurate grasp poses using only multi-view videos without 3D
ground truth data. To solve this, we developed RealGrasper, a generative model that learns to predict
grasp poses from multi-view data using photometric loss and other regularizations. The second prob-
lem is accurately capturing grasp poses and extracting contact points from multi-view videos. Current
methods use the MANO model [2], which approximates hand shapes but lacks the details for precise
contacts. Additionally, there is no easy way to get ground truth data for evaluating contact quality. To ad-
dress this, we propose MANUS, a method for markerless grasp capture using articulated 3D Gaussians
that reconstructs high-fidelity hand models from multi-view videos. We also created a large dataset,
MANUS-Grasps, which includes multi-view videos of three subjects grasping over 30 objects. Further-
more, we developed a new way to capture and evaluate contacts, providing a contact metric for better
assessment.

We thoroughly evaluated our methods through detailed experiments, ablations, and comparisons,
demonstrating that our approach outperforms existing state-of-the-art methods. We also summarize our
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contributions and discuss potential future directions in this field. We believe this thesis will help advance
the research community further.
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Chapter 1

Introduction

Recent advancements in 3D computer vision and computer graphics are transforming various in-

dustries by increasing their accuracy, ef�ciency, and scalability. These �elds are evolving rapidly due

to the increasing need to better understand and interact with the three-dimensional world. In robotics,

3D computer vision has been revolutionary, enhancing the intelligence and functionality of robots by

enabling them to interact more intuitively with their environments. This has led to signi�cant progress

in autonomous robots, automated manufacturing, and human-robot interaction. Furthermore, integrat-

ing 3D computer vision with Augmented Reality (AR) and Virtual Reality (VR) is paving the way for

immersive experiences. These technologies employ real-time 3D mapping and object recognition to

foster richer, more interactive digital experiences. These developments underscore the crucial role of

3D computer vision in understanding our complex world and enhancing our interactions with technol-

ogy. Ongoing advancements in this �eld broaden robot's ability to perceive, engage with, and in�uence

our three-dimensional surroundings, opening up exciting new opportunities.

A key factor in these developments is the evolution of 3D representations. Traditional 3D mod-

eling techniques, which relied on structured grids, point clouds, or meshes, have given way to novel

approaches such as neural �elds, which use continuous functions to represent 3D scenes. These meth-

ods have recently gained popularity for various visual computing challenges, like reconstructing 3D

Figure 1.1: Practical use cases of 3D computer vision in (a) robot-assisted surgery (b) robot grasping.
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shapes and appearances, generating new viewpoints from existing images, modeling human �gures, and

enhancing medical imaging. Neural �elds are also being applied in �elds beyond visual computing,

including physics and engineering.

This thesis explores the use of neural �elds in 3D computer vision, which addresses the shortcomings

of traditional 3D representations and offers capabilities not possible with older methods. Speci�cally, it

focuses on applying neural �elds to hand-object interaction problems.

1.1 Motivation and Challenges

Imagine the simple acts of picking up a morning coffee cup, scribbling down a quick note, or tighten-

ing a loose faucet with a wrench. These everyday actions don't just show how adept we are at handling

different objects; they also present a signi�cant challenge for machines: understanding the nuanced

ways humans interact with the physical world.

This challenge isn't just academic; it has practical applications in many areas. For instance, getting

this right in robotics is essential for developing advanced technologies that enable robots to carry out

complex tasks like assembly, cooking, or even conducting surgeries Figure 1.1. These robots need to

do more than grab things—they must handle objects with the precision and care that a human hand

can. In augmented reality (AR) and virtual reality (VR), making hand-object interactions more realistic

can greatly improve how immersive and interactive these technologies feel. This is especially useful in

educational settings, where virtual models can help enhance learning or in professional design, allowing

users to work with digital prototypes as if they were real. Moreover, understanding these interactions can

lead to better human-computer interfaces, making technology more intuitive and accessible, particularly

for people with disabilities. This can range from simple gesture-based controls for everyday tech to more

complex interactions in specialized software, improving how users engage with digital systems.

Capturing 3D data, especially during hand-object interactions, presents substantial dif�culties that

often require expensive equipment and complex setups. The unique challenges include the hand's �ex-

ible and non-rigid nature, occlusions caused by the interaction with objects, and the �ngers occluding

each other. High-end 3D scanners like the Artec Leo Figure 1.2 can generate detailed and textured

meshes but are limited to capturing rigid structures. RGBD sensors like Microsoft's Azure Kinect and

Intel's RealSense offer a more affordable solution for capturing multi-view 3D hand-object interaction

data; however, these sensors face issues like sensor noise, sensitivity to change in light, and precise

depth calibration. Their output is typically a sparse and noisy point cloud, and achieving accurate,

good-quality geometry is another research challenge. Costly motion capture (MoCap) setups are used

to track hand movements in hand-object interactions, which track the hand's movements through mark-

ers. While this method is accurate for tracking, it only captures a limited number of points, and �tting

a parametric model like MANO [2] to these points to reconstruct the hand's geometry can be impre-

cise. At the higher end, systems like 3DMD and The Relightables offer robust and high-�delity 4D data

capture, but these are exceptionally expensive and complex, making them hard to mimic with lower-
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Figure 1.2: Different capture devices available in the market.

end devices. Additionally, in hand-object interactions, another issue arises: even if accurate 3D data is

captured, determining the contact area between the hand and object is challenging because it requires

disentanglement between the two. To address this, specialized hardware like heat-sensitive cameras has

been employed to capture the contact details in hand-object interactions more precisely; however, these

methods also struggle with heat dissipation.

On the representation front, neural �elds have shown great potential in encoding scene properties

using only multi-view images and videos. The widespread availability of high-quality smartphone cam-

eras simpli�es the capture of high-quality 2D images and videos, reducing dependence on error-prone

manual 3D annotation methods and democratizing data acquisition. Given these advancements, it's

logical to explore the use of neural �elds to tackle these existing challenges in the �eld, leveraging

multi-view images and videos of hand-object interactions.

Despite the critical importance, this problem is not trivial at all and comes with multiple challenges

which we discuss below,

• Complexity of Hand Movements: The human hand is an incredibly intricate system compris-

ing many bones, muscles, tendons, and ligaments. This complexity allows for a vast range of

movements and poses, making it challenging to model in 3D accurately Figure 1.4. Capturing

the nuances of �nger movements, joint rotations, and subtle gestures adds layers of complexity

to the modeling process. Additionally, the variability in hand shapes and sizes among individuals

further complicates the task.

• Limited Dataset: Acquiring precise 3D data on hand-object interactions poses signi�cant chal-

lenges due to occlusions caused by hands and �ngers. While datasets such as GRAB [3], DexYCB

[4] and ARCTIC [5] have contributed signi�cantly to progress in this area, they rely on parametric

models like MANO [2], which provide only an approximate depiction of hands lacking intricate

details. Consequently, datasets are urgently needed to address these limitations and provide more

comprehensive information.

• Variability in Object Shapes: Objects exhibit a wide range of shapes, sizes, and textures, further

complicating hand-object interaction modeling Figure 1.3. From simple geometric shapes to
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