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In every sense, it’s a story of hands — hands that were studied with
care, hands that worked with devotion, and hands that reached out
with kindness.






Abstract

Human hand interactions are central to daily activities and communication,
providing informative signals for human action, expression, and intent. Vi-
sual perception and modeling of hands from images and videos are therefore
crucial for various applications, including understanding human interactions
in the wild, virtual human modeling in 3D, human augmentation through as-
sistive vision systems, and highly dexterous robotic manipulation.

While computer vision has evolved to estimate hand states ranging from
coarse detection to nuanced 3D pose and shape estimation, existing meth-
ods fall short in three key challenges. First, they struggle to handle com-
plicated and fine-grained contact scenarios, such as grasping objects (i.e.,
hand-object contact) or touching one’s own body (i.e., self-contact), where
occlusions and deformations introduce substantial ambiguity. Second, most
models generalize poorly to dynamic and real-world environments due to
the domain gap between studio-collected training datasets and in-the-wild
testing conditions. Third, beyond geometric estimation, current approaches
often lack the ability to link low-level hand states to high-level semantic
comprehension, e.g., with action labels or language.

This dissertation addresses these limitations by pursuing the goal of pre-
cise tracking and interpretation of fine-grained hand interactions from
real-world visual data. To achieve this, the dissertation systematically pro-

poses three key pillars:

* Data foundation: Building diverse and high-quality data infrastruc-
ture to enable learning fine-grained hand interactions featuring chal-

lenging contact scenarios.

* Robust modeling for fine details: Achieving robust and reliable esti-
mation for fine-grained hand interactions by generalizing and adapting
machine learning models, making them resilient to occlusion, noise,

and domain shift in in-the-wild scenarios.

* Connecting geometry and semantics: Bridging captured geomet-
ric information with semantics to comprehend actions and intentions

based on tracked hand states.



The first pillar of this research focuses on building a diverse and high-
quality data foundation. This involves investigating and capturing hand in-
teraction datasets that include complex contacts, such as object interaction
and self-contact, using multi-camera systems. This approach enables high-
precision 3D pose and shape annotations for intricate hand contact, while
offering valuable assets to the community.

The second pillar is dedicated to robust modeling to capture fine de-
tails. Leveraging the constructed datasets, we develop advanced machine
learning methods for generalizable and adaptable estimation in the wild.
This includes comprehensive analysis of 3D hand pose estimation tasks dur-
ing object contact, building model priors from diverse image or pose data
for downstream tasks in pose estimation, and proposing adaptation methods
to further bridge performance gaps across different recording environments
and camera settings.

The third pillar centers on connecting the captured low-level geometric
information with high-level semantic understanding. This involves utilizing
the predictions for hand geometry in 2D or 3D (e.g., detection, segmenta-
tion, and pose) to comprehend the semantics of the interaction. We explore
natural language descriptions as semantic signals and propose generating
dense video captions from the hand-object tracklets.

Collectively, these three pillars present a consistent and integrated frame-
work to advance the visual understanding of hands in interactions. By com-
bining advanced techniques in data foundation, robust modeling, and seman-
tic understanding, this dissertation contributes to foundational technologies
and intelligent systems for human-centric interactions, with broader appli-

cations and implications in computer vision.
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Chapter 1

Introduction

1.1 Ubiquitous Role of Hands

“The hand is the cutting edge of the milivilisation is not a collec-
tion of nished artefacts, it is the elaboration of processes. In the end,
the march of man is the re nement of the hand in action.”

— Jacob Bronowski [34]

Human hands play a unique and indispensable role in shaping our reality and
de ning our interactions, as encapsulated by the profound observation from math-
ematician Jacob Bronowski [34]. Far more than mere manipulators, hands serve
as a primary interface between an individual and their surroundings, facilitating
engagement with the self, the physical world, and the rapidly expanding virtual
realm. We intuitively grasp this centrality of hands, recognizing their in uence
from our earliest experiences through every stage of life, as shown in Fig. 1.1.

From our very rst moments, our hands are our primary explorers. As a child,
hands are fundamental to our cognitive and physical growth. They inform how
we rstinteract with the world around us, reaching out to grasp objects, learning
about textures, shapes, and gravity. These early interactions, mediated solely by
our hands, facilitate the understanding of cause and effect, the development of
motor skills, and the building of our sensory perception. Long before words, our
hands serve as our rst language, expressing needs and curiosity.

As we grow, our hands become powerful instruments of connection and com-
munication. When we interact with friends, family, or even strangers, our hands

1



Figure 1.1:Ubiquitous role of human hands The gure illustrates a concep-

tual framework depicting the ubiquitous role of human hands across various life
stages, from infancy to adulthood. Each panel showcases a distinct hand-centric
activity, including exploration, affection, expression, tool utilization, dexterity,
and professional activity, thereby demonstrating the continuous evolution of hand
functions as individuals progress through different developmental phases. All im-
ages are generated by an Al assistant [3].

can convey emphasis, emotion, and intent. Beyond spoken words, gestures em-
phasize a point, express joy or frustration, and build rapport through a handshake
or a comforting touch. For communities, such as those using sign language, our

hands facilitate complex linguistic and emotional exchanges, showcasing their ca-

pacity for nuanced communication.

As we mature and engage in daily life or professional endeavors, the dex-
terity and adaptability of human hands become paramount. Whether preparing
ingredients in cooking, assembling components in manufacturing, or executing
microsurgery or biological experiments, our hands manipulate our environment
with precise grasps or tool use, allowing us to accomplish these tasks. This capa-
bility for dexterous manipulation enables us to build, create, and master complex
procedures, while realizing abstract thought into tangible reality.

In essence, hands are central to what it means to be human. They are not
merely tools, but extensions of our minds, providing rich, informative signals that
unveil not only what actions are being performed but also the underlying dynam-



