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Abstract

Abstract

In real-world environments, robotic systems often face the challenge of perceiving and
manipulating complex objects such as deformable cables, fragile fruits, and transpar-
ent materials. These objects exhibit weak textures, non-rigid or intricate geometry, and
are susceptible to visual disturbances such as lighting variations, reflection, and refrac-
tion. Moreover, collecting large-scale annotated real-world datasets is time-consuming
and costly, and label quality is often compromised in cluttered or ambiguous scenes.
These limitations significantly hinder the generalization ability of deep learning models
in practice.

This dissertation focuses on simulation-driven methods for robotic perception and
manipulation, proposing a framework that spans synthetic data generation, structure-
aware visual modeling, and robust manipulation strategies. The goal is to enable reliable
Sim2Real transfer in scenarios involving complex and diverse objects.

To address the domain gap between simulated and real-world depth data from indus-
trial structured-light sensors, we develop a physically-consistent structured-light simula-
tor. By accurately modeling gray-code projection, sensor response, and surface interac-
tions in a physically-based photorealistic renderer, this system produces synthetic depth
maps that closely match those captured by real devices. It enables the training of depth-
based perception models with improved Sim2Real performance, reducing reliance on
expensive real-world annotations.

For stereo-based depth estimation, especially on transparent and overlapping ob-
jects, we propose two complementary models. One enhances stereo matching robustness
in structure-deficient regions using transformer-based feature fusion and geometry pri-
ors. The other enables zero-shot stereo reconstruction by freezing a pre-trained encoder
and learning a lightweight matching head, which achieves strong generalization without
fine-tuning.

On the manipulation side, we introduce a collision-aware grasping network for de-
formable cables. Trained on physically simulated data with labeled contact and collision
outcomes, the model predicts grasp feasibility and safety from depth images by implic-
itly learning contact and collision cues. For damage-free manipulation of soft fruits, we
design a vision-guided soft gripper system with multimodal feedback control, demon-
strating stable and safe performance in real robotic fruit grasping scenarios.

This work presents substantial advancements in photorealistic simulation, perception
model design, and flexible object manipulation. Together, these components establish a
practical foundation for enabling robust Sim2Real deployment of robotic systems in
complex, real-world tasks.
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Zusammenfassung

Zusammenfassung

In realen Umgebungen stehen Robotersysteme hiufig vor der Herausforderung, kom-
plexe Objekte wie verformbare Kabel, empfindliche Friichte und transparente Materi-
alien zuverldssig zu erkennen und zu manipulieren. Solche Objekte weisen schwache
Texturen, nicht starre oder komplexe Geometrien auf und sind anféllig fiir visuelle
Storungen wie Lichtvariationen, Reflexionen und Brechung. Dariiber hinaus ist die
Erfassung groBer, annotierter Datensiitze aus der realen Welt duferst zeit- und koste-
naufwendig, wobei die Labelqualitit in uniibersichtlichen oder mehrdeutigen Szenen
oft unzureichend ist. Diese Einschrinkungen behindern die Generalisierungsfahigkeit
von Deep-Learning-Modellen erheblich.

Diese Dissertation befasst sich mit simulationsbasierten Methoden fiir robotische
Wahrnehmung und Manipulation und schlédgt ein Framework vor, das von der synthetis-
chen Datengenerierung iiber strukturbewusste visuelle Modellierung bis hin zu robusten
Manipulationsstrategien reicht. Ziel ist es, eine zuverlissige Sim2Real-Ubertragung in
Szenarien mit komplexen und vielfiltigen Objekten zu ermoglichen.

Zur Reduzierung der Doménenliicke zwischen simulierten und realen Tiefendaten
industrieller Streifenlichtsensoren wurde ein physikalisch konsistenter Streifenlichtsim-
ulator entwickelt. Durch die prizise Modellierung von Gray-Code-Projektion, Sen-
soreigenschaften und Oberflicheninteraktionen in einem fotorealistischen Renderer
erzeugt das System synthetische Tiefenkarten, die den realen Messdaten sehr na-
hekommen. Damit wird das Training von tiefenbildbasierten Wahrnehmungsmodellen
mit verbesserter Sim2Real-Leistung ermoglicht, wodurch der Bedarf an aufwendiger
manueller Annotation realer Daten erheblich reduziert wird.

Fiir die Tiefenschidtzung auf Basis von Stereo-Bildpaaren, insbesondere bei trans-
parenten und iiberlappenden Objekten, werden zwei komplementire Modelle vor-
geschlagen. Das erste verbessert die Robustheit der Stereo-Korrespondenz in struk-
turarmen Bildregionen mithilfe von Transformer-basierten Merkmalfusionen und ge-
ometrischen Priors. Das zweite Modell erlaubt eine Zero-Shot-Stereorekonstruktion, in-
dem ein vortrainierter Encoder eingefroren und ein leichtgewichtiges Matching-Modul
trainiert wird, um auch ohne Feinabstimmung eine starke Generalisierungsfihigkeit zu
erreichen.

Im Bereich der Manipulation wird ein kollisionsbewusstes Greifnetzwerk fiir ver-
formbare Kabel vorgestellt. Dieses wurde auf physikalisch simulierten Daten mit an-
notierten Kontakt- und Kollisionsinformationen trainiert und sagt die Greifbarkeit und
Sicherheit anhand von Tiefenbildern vorher, wobei das Modell Kontakt- und Kol-
lisionshinweise implizit erlernt. Fiir die beschiddigungsfreie Handhabung empfind-
licher Friichte wurde ein vision-guided Softgripper-System mit multimodaler Riick-
kopplungssteuerung entwickelt, das in realitdtsnahen Anwendungsszenarien eine stabile
und sichere Leistung zeigt.

Die vorliegende Arbeit stellt wesentliche Fortschritte in der fotorealistischen Sim-
ulation, der strukturbasierten visuellen Modellierung und der flexiblen Objektmanip-
ulation vor. Insgesamt wird eine praxisorientierte Grundlage geschaffen, um robuste
Sim2Real-Anwendungen von Robotersystemen in komplexen realen Aufgabenstellun-
gen zu ermoglichen.
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Chapter 1

Introduction

1.1 Motivation

In the long-term vision of bringing artificial intelligence systems out of the laboratory
and into real-world applications, robots are increasingly expected to possess complex
capabilities, not only to perceive and understand their surroundings, but also to inter-
act stably, efficiently, and intelligently with a wide variety of physical objects. Across
application domains such as manufacturing, service robotics, and agriculture, these ca-
pabilities are fundamentally embodied in the robot’s manipulation skills. From basic
pick-and-place tasks to complex assembly and the manipulation of deformable or frag-
ile objects, successful execution relies on accurate modeling and perception of object
geometry, physical properties, and interaction behaviors.

However, the real world is far more complex than controlled lab environments.
Robots often operate in unstructured, dynamic, and high-interference settings, where
objects may have ambiguous boundaries, reflective surfaces, or deformable and fragile
characteristics. Representative examples of such challenges are illustrated in Fig. 1.1,
from left to right: a bin of transparent objects, a bin of reflective metal parts, a bin
of delicate fruits, and a bin of flexible cables. These object types represent key chal-
lenges in perception and manipulation: transparency, specular reflectivity, fragility, and
deformability, all of which are common in real-world industrial and service contexts,
yet pose significant challenges to current state-of-the-art perception and robotic manip-
ulation systems.

Although deep learning has achieved impressive results on certain benchmark tasks,
most models are highly dependent on large amounts of high-quality annotated data,
especially in 3D perception tasks, where precise geometry, pose, or interaction labels
are required. For the aforementioned complex objects, real-world data collection is ex-
tremely expensive, and in industrial scenarios, heavy parts can lead to safety concerns
during data acquisition. Furthermore, in dense and occluded environments such as in-
dustrial sorting, multi-instance labeling becomes nearly infeasible. As a result, these
datasets are often incomplete or unrepresentative, limiting the generalization ability of
learned models. Moreover, many industrial and household objects inherently interfere
with sensor measurements: transparent or reflective materials may not be captured prop-
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(a) Transparent objects (b) Reflective metal (c) Delicate fruits (d) Flexible cables

Figure 1.1: Examples of challenging real-world objects for robotic manipulation.

erly; deformable objects are often heavily occluded; and cluttered scenes with over-
lapping objects degrade stereo matching and 3D reconstruction, ultimately impacting
downstream manipulation and grasping tasks.

Even when large-scale datasets are generated in simulation, simulation-to-reality
(Sim2Real) transfer remains a critical bottleneck for deployment. Most mainstream
simulators fail to replicate the key sensor characteristics and physical interactions ob-
served in the real world. For example, in industrial settings where gray-code structured
light 3D cameras are commonly used, factors such as depth noise, non-ideal lighting
conditions, and edge artifacts at depth discontinuities are often oversimplified or ig-
nored in the synthetic ground truth depth maps. Consequently, models trained on such
data typically underperform in real-world environments. Similar challenges also arise
in Sim2Real transfer for robotic grasping of industrial parts. In current physics-based
Sim2Real pipelines, the simulation process is often simplified, resulting in insufficient
modeling of physical interactions and contact dynamics between the gripper, the target
object, and the surrounding environment. As a consequence, models trained in simula-
tion frequently exhibit collision-prone behaviors and limited robustness when deployed
in the real world.

In addition, most existing stereo vision models lack explicit structural and seman-
tic awareness, relying predominantly on pixel-level appearance matching to infer depth.
While such correspondence-based formulations are effective under favorable imaging
conditions, they break down in scenarios involving transparent materials, textureless sur-
faces, or ambiguous object boundaries, where reliable visual cues are inherently sparse
or misleading. In contrast, human depth perception is not solely driven by binocular
disparity. Humans are able to robustly estimate depth across a wide range of materials
and visual conditions by jointly leveraging binocular cues and strong prior knowledge
about object structure, geometry, and physical plausibility. This integration of sensory
input with learned priors allows the visual system to resolve ambiguities that remain
fundamentally challenging for purely appearance-driven stereo algorithms. Most con-
temporary stereo learning approaches, however, do not explicitly incorporate such pri-
ors, and consequently exhibit limited generalization when faced with distribution shifts.
This limitation becomes particularly pronounced under zero-shot or few-shot settings,
where models trained on narrowly scoped datasets struggle to transfer to novel object
categories, materials, or imaging conditions. As a result, the deployability of current
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stereo vision systems in open, real-world environments remains severely constrained.

Taken together, these challenges reveal that current robotic perception and manipu-
lation systems are still far from being robustly deployable in real-world environments.
Key limitations include unreliable depth perception, lack of sufficient labeled data, and
significant performance degradation due to domain shift. These limitations directly im-
pact performance across the entire manipulation pipeline, including scene understand-
ing, object perception, and grasp or manipulation execution.

To bridge the gap between research and real-world deployment, a systematic trans-
formation of existing robotic perception frameworks is urgently needed:

* By leveraging physically-based ray tracing rendering engines, we construct
physically-realistic, high-fidelity simulators that generate RGB and depth train-
ing data more closely aligned with real sensor outputs.

* Incorporating structure-aware mechanisms into deep learning models, together
with large-scale, high-quality datasets tailored to complex object perception, en-
ables the design of imaging networks that approximate human-relevant geometry
understanding. These models are critical for improving depth estimation and per-
ception performance in challenging areas such as transparent occlusions or fuzzy
boundaries, and directly support service robots operating in household scenarios
or industrial robots performing multi-category product recognition.

* Integrating simulation-aided manipulation policy learning within physical en-
gines, we efficiently generate task experience for deformable and non-rigid ob-
jects, enhancing generalization while avoiding the risk of damaging real-world
targets during data collection.

This dissertation is motivated by these pressing challenges. It focuses on improv-
ing robotic perception and manipulation in unstructured and complex environments,
and centers around three core directions: physically-realistic synthetic data generation,
structure-aware imaging model development, and Sim2Real policy learning for object
manipulation. These approaches are designed to complement one another and jointly
contribute to enabling robust, real-world deployment of intelligent robotic systems.

1.2 Research Questions

As outlined in Section 1.1, this dissertation investigates the challenges of robotic percep-
tion and manipulation in scenarios involving complex materials and non-rigid objects.
The focus is on enhancing the generalization and stability of robotic systems under con-
ditions of limited training data, weak visual cues, and significant Sim2Real gaps. To this
end, the research is organized around the following four core questions:
Q1: How can the simulation of structured-light depth sensors overcome the
Sim2Real gap?

Most existing simulation platforms fail to accurately reproduce the projection mech-
anisms, material reflection behaviors, and depth measurement noise characteristics of
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real industrial structured-light sensors. This discrepancy severely limits the transferabil-
ity of depth-based models to real-world deployments. This research seeks to answer:
how can a physically-consistent structured-light simulation system be constructed to
generate RGB-D data that faithfully match real sensor outputs and support depth-based
perception tasks in practical environments?

Q2: How can stereo vision models be designed to incorporate structural awareness
for scenes with transparency, occlusion, and weak texture?

Traditional stereo matching models often rely heavily on texture and perform poorly
in regions with discontinuous or ambiguous structure, such as transparent or overlapping
objects. This research asks: how can geometric priors and architectural guidance be
introduced into stereo vision models to enable explicit structure modeling and improve
depth estimation performance in visually challenging conditions?

Q3: How can zero-shot generalization be achieved in stereo vision models without
access to target domain data?

Most state-of-the-art depth estimation approaches rely on large-scale annotated data
and require fine-tuning in the target domain, which limits their adaptability. This dis-
sertation explores: how can a zero-shot stereo vision framework be constructed using a
frozen pre-trained visual encoder and a lightweight matching module, enabling robust
depth estimation in unseen environments without the need for additional training?

Q4: How can transferable grasping strategies be learned in simulation and applied
to real-world manipulation of delicate objects?

Grasping tasks involving delicate or deformable objects, such as cables and fruits,
are prone to failure due to deformation, collision risks, and perception errors. Moreover,
current research lacks systematic simulation-to-real learning pipelines for such tasks.
This research investigates: how can grasp attempts and collision feedback be generated
in simulation, and how can a model be trained to leverage them to evaluate grasp stability
and predict safe actions, ultimately achieving transferable and low-damage manipulation
strategies in real-world scenarios?

1.3 Aim of this Thesis

The aim of this thesis is to advance robotic perception and manipulation by address-
ing the challenges of transparent object perception, deformable object manipulation,
and sim-to-real transfer. To this end, the dissertation develops simulation frameworks,
learning-based vision systems, and grasping strategies that improve robot robustness in
complex, real-world scenarios. The scientific problems this thesis seeks to solve are:

* Physically-based simulation for synthetic data generation. Develop a simula-
tion framework capable of generating physically realistic RGB-D data, including
structured-light and ray-tracing pipelines, in order to close the gap between syn-
thetic and real-world sensing.

* Transparent object perception. Design stereo-based and learning-driven per-
ception systems that can robustly reconstruct and localize transparent or reflective
objects, where conventional depth sensors and geometric methods fail.
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» Zero-shot stereo and generalization. Leverage foundation models and structure-
guided architectures to achieve zero-shot stereo matching and robust 3D recon-
struction in novel environments without task-specific fine-tuning.

* Grasping in complex environments. Develop grasp planning and execution
pipelines that integrate perception with reasoning to enable reliable grasping of
fragile or cluttered objects, including collision-aware strategies.

Together, these contributions aim to bridge the gap between simulation and reality,
enabling service and industrial robots to perceive and manipulate objects more effec-
tively in everyday unstructured environments.

1.4 Novelty and Contribution of this Thesis

The main contributions of this thesis are summarized as follows:

* Physically-based Simulation for Synthetic Data Generation. We propose
a physically-based simulation framework for generating large-scale synthetic
datasets tailored for robotic perception. The framework integrates ray tracing and
structured-light projection to reproduce optical phenomena such as refraction, re-
flection, and scattering, which are critical for transparent-object perception. In ad-
dition, domain randomization and domain adaptation are incorporated to bridge
the sim-to-real gap. To the best of our knowledge, this is the first work that system-
atically applies physically-based structured-light simulation for transparent-object
data generation in robotics.

* Transparent object Perception with Stereo Vision. We design learning-based
stereo vision models that explicitly address the challenges of transparent and
reflective surfaces, where conventional RGB-D sensors fail. A cascaded Trans-
former backbone and structural-guided fusion module are introduced to enhance
disparity estimation in complex scenes. Comprehensive experiments demonstrate
that the proposed system outperforms prior stereo networks on synthetic and real-
world benchmarks for transparent-object reconstruction.

* Zero-shot Stereo with Foundation Models. Building on recent advances in vi-
sion foundation models, we introduce a zero-shot stereo perception framework
(StereoAnything) that enables robust 3D reconstruction without task-specific fine-
tuning. The method combines a pre-trained dual-path backbone with lightweight
adapters and a geometry-aware head, achieving superior generalization to unseen
transparent objects and environments. To the best of our knowledge, this repre-
sents the first attempt to extend large-scale stereo pretraining to transparent-object
perception in robotics.

* Sim-to-Real Grasping with Transparent and Fragile Objects. We propose an
end-to-end sim-to-real grasping pipeline that integrates perception, reasoning, and
execution. A collision-aware grasping strategy (PG-CNN + reasoning module)
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is developed for fragile fruit grasping, supported by two novel datasets (Peach-
Stereo and PeachGrasp) for perception and manipulation transfer. The framework
demonstrates reliable performance in both simulation and real-world experiments,
achieving robustness against occlusions, object shape variations, and collisions.
This is the first work to systematically address transparent-object perception and
fragile-object grasping within a unified sim-to-real framework.

Together, these contributions establish a comprehensive pipeline that combines
physically-based simulation, stereo-based transparent-object perception, zero-shot gen-
eralization, and collision-aware grasping. They advance the state of the art in closing the
reality gap for robotic perception and manipulation.

1.5 Thesis Structure

The thesis structure is illustrated in Fig. 1.2. This thesis centers on simulation-to-reality
(Sim2Real) transfer for robotic perception and manipulation, with emphasis on physi-
cally based sensor simulation, stereo depth estimation for transparent objects, zero-shot
stereo for grasping, and collision-aware grasping of fragile objects. The overall structure
is illustrated in Fig. 1.2. A brief summary of each chapter follows.

Chapter 3.
Physically-Realistic

Simulator
(Structure Light Simulator)

Robotic Perception

Chapter 4.
ClearDepth

Rendering Engine

Synthetic Stereo Dataset

Chapter 2. Chapter 5.
Related Work StereoAnything
Chapter 6.
Physics Engine Synthetic Grasping Label Robotic Grasping
Generation

Figure 1.2: The structure of this thesis.

Chapter 2: Preliminaries and Related Work.

This chapter provides a comprehensive survey of prior research on simulation and per-
ception in robotics. We first review physically realistic depth sensor simulation and
structured-light imaging, followed by synthetic data generation methods for visual tasks
and robotic grasping. We then analyze the development of data-driven Sim2Real stereo
networks, with a particular focus on their limitations when dealing with transparent or
reflective materials. Finally, we summarize progress in learning-based grasping from
visual inputs, highlighting the strengths and shortcomings of existing simulation-based
pipelines. This review establishes the technical and conceptual background for the sub-
sequent chapters.



1.5. Thesis Structure

Chapter 3: Close the Sim2Real Gap via Physically-based Camera Simulation.
This chapter introduces a physically-based rendering and simulation framework de-
signed to narrow the gap between synthetic and real-world data. We present the render-
ing pipeline, which integrates ray tracing and structured-light projection, and describe
the construction and annotation of synthetic datasets. A series of experimental studies
are conducted to assess the effectiveness of domain randomization and domain adapta-
tion strategies in visual perception tasks such as object detection and instance segmenta-
tion. The chapter further reports robotic grasping experiments that validate the practical
utility of the generated data, and concludes with a discussion of strengths, limitations,
and lessons learned from this approach.

Chapter 4: Robust Stereo Perception of Challenging Transparent Objects.

This chapter proposes ClearDepth, a stereo vision system specifically designed for
transparent-object perception. We detail the cascaded Vision Transformer backbone and
the structural feature post-fusion mechanism that enables improved depth estimation
in challenging transparent and reflective scenes. A synthetic dataset tailored to trans-
parent objects is presented, followed by a comprehensive evaluation that includes stereo
matching metrics, ablation studies on the fusion module, and qualitative and quantitative
analyses of depth prediction. We further assess dataset generalization and demonstrate
the system’s applicability in robotic experiments, before concluding with a discussion
of open challenges and future research directions.

Chapter 5: Zero-Shot Stereo Imaging for Robotic Manipulation.

Building on ClearDepth, this chapter introduces StereoAnything, a zero-shot stereo
framework for robotic grasping of transparent objects. The architecture integrates three
main components: a zero-shot stereo reconstruction module (SRM), a point-cloud grasp
generation module (PCGG), and a five-finger grasp affordance detection module (FF-
GAD). We describe the adaptation of foundation models (e.g., through low-rank adap-
tation) for stereo tasks, the design of the integrated pipeline, and the generation of syn-
thetic transparent-object data for training. Experimental evaluations compare the pro-
posed system against state-of-the-art stereo models and baselines, including Depth Any-
thing V2, highlighting both its strengths in generalization and its remaining limitations.
Chapter 6: Collision-aware Sim2Real Robotic Grasping of Fragile Objects.

This chapter presents a complete Sim2Real framework for grasping fragile fruits, which
represents a particularly challenging domain due to the requirements of precision and
delicacy. The framework consists of a perception module for grasp pose estimation (PG-
CNN), a grasp execution pipeline, and newly constructed datasets (PeachStereo and
PeachGrasp) that enable transfer learning from simulation to reality. We report system-
atic evaluations in simulation and real-world environments, including collision-aware
grasp prediction, execution success rates, and failure analyses covering slip, perception
errors, and grasp planning mistakes. The framework is further tested for cross-species
generalization and robustness across variations in fruit size and shape. The chapter con-
cludes by reflecting on the strengths and contributions of the framework, while acknowl-
edging its current limitations.

Chapter 7: Conclusions and Outlook.

The final chapter summarizes the main contributions of the dissertation across sim-
ulation, perception, and robotic execution. It reflects on the lessons learned regard-
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ing physically-based data generation, transparent-object perception, and collision-aware
grasping. Limitations of the current approaches are critically discussed, and directions
for future research are proposed, including robust multimodal learning, large-scale syn-
thetic data generation, and broader generalization of Sim2Real techniques to complex
real-world manipulation scenarios.



Chapter 2

Preliminaries and Related Work

As discussed in Chapter 1, achieving robust robotic perception and manipulation in
real-world environments remains a significant challenge. This dissertation focuses on
two key issues: effective visual modeling in scenes involving complex materials (such
as transparent objects) and fragile objects (such as fruits), and robust grasping strategy
learning based on simulation and perception. These challenges span multiple research
areas, including synthetic data generation, sensor simulation, visual modeling, stereo
matching networks, grasp strategy optimization, and Sim2Real transfer methods.

Unlike conventional robotic tasks that primarily involve rigid and well-structured
objects, the targets addressed in this work often exhibit complex material properties,
deformability, and ambiguous geometric boundaries. Such characteristics make it diffi-
cult to directly apply classical vision and control methods for modeling and manipula-
tion. Additionally, data acquisition for these objects in the real world is challenging and
often lacks high-quality annotations, which further limits the generalization ability of
data-driven models. As a result, recent research has increasingly turned to high-fidelity
simulation platforms for synthetic data generation, along with multimodal modeling
techniques to enhance system robustness and applicability.

This chapter systematically reviews the research background and recent progress
closely related to this dissertation. Section 2.1 reviews key strategies to bridge the re-
ality gap in robotic perception, focusing on two complementary approaches: Domain
Randomization, which introduces variability in simulation to encourage robustness, and
Domain Adaptation and Alignment, which explicitly reduces discrepancies between
synthetic and real data. Together, they illustrate how diversity and alignment enable
effective sim-to-real transfer.

In summary, this chapter reviews the current state of the art in simulation modeling,
visual perception, and grasp control for complex object scenarios. These studies provide
the theoretical foundation and contextual background for the system-level methods and
experiments proposed in the following chapters.
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Simulation

Simulation Reality

Reality

Sim2Real
Gap

Source Domain Target Domain

Target Domain Training Data Evaluation Data

Source Domain Evaluation Data Ideal Deployment

Training Data Ideal Deployment

(a) Domain randomization (b) Domain adaptation

Figure 2.1: Illustration of domain randomization and domain adaptation. Source Domain: syn-
thetic images used for model training. Target Domain: real-world images encountered during
deployment.

2.1 Sim-to-Real Transfer in Robotic Perception

2.1.1 Domain Randomization

Domain randomization (DR) addresses the reality gap by training perception or con-
trol models in simulators where key scene, rendering, and physics parameters are de-
liberately randomized. Sufficient variability forces the model to learn invariances (e.g.,
to textures, lighting, and sensor noise), enabling direct sim-to-real transfer without (or
with minimal) real-world fine-tuning. As illustrated in Fig. 2.1(a), the training process
is conducted entirely in the source domain, which is synthetically generated with di-
verse randomized conditions. The overlap with the target domain represents the portion
of real-world variations that are sufficiently covered by the randomized simulation. By
exposing the model to such broad variability, DR encourages the learning of features
that generalize beyond simulator-specific biases. Early works [103, 104] demonstrated
that models trained solely on highly randomized synthetic images can localize objects
and detect categories in the real world with competitive accuracy.

Where to Randomize. Domain randomization can be applied at multiple levels:

* Scene construction level: randomizing the number, geometry, and spatial ar-
rangement of target and distractor objects, as well as background elements, oc-
cluders, and camera viewpoints.

* Rendering and sensor level: randomizing material appearance and textures,
lighting conditions, camera parameters (e.g., intrinsics), and imaging effects such
as exposure variation, motion blur, and explicit sensor noise models (e.g., read
noise and quantization artifacts).
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Camera extrinsics

Texture and material

Figure 2.2: Examples of domain randomization across different simulation factors.

As illustrated in Fig. 2.2, we provide concrete examples of domain randomization
(DR) across simulation factors that span the data generation pipeline. At the scene and
construction level, we randomize the number of target and distractor objects as well as
their placements, and we vary camera viewpoints to expose the model to diverse spatial
configurations. At the rendering and sensor level, we diversify background appearance,
lighting conditions, and material appearance and textures to prevent overfitting to spe-
cific visual cues. We further perturb the rendered observations with imaging artifacts

11



Chapter 2. Preliminaries and Related Work

and sensor noise, including motion blur, compression-related artifacts, and physically
motivated shot and read noise. Together, these examples demonstrate how domain ran-
domization operates across both the scene construction and rendering and sensor levels,
complementing the taxonomy summarized above.

Variants of Domain Randomization. Classic DR favored diversity over realism
[103]. Later, structured DR constrained randomization within physically plausible
ranges while preserving scene consistency [10]. More recently, learned DR approaches
optimize the sampling distributions to maximize sim-to-real transfer performance
[25, 108]. In addition, DR has been combined with physically-based rendering [141]
and neural rendering [138] to achieve both coverage and realism.

Applications in Robotic Vision. Domain randomization has been successfully ap-
plied to a range of robotic vision tasks, including object localization [103], detection
[104], and grasping [102]. The key finding is that heavy randomization of textures, light-
ing, and camera viewpoints encourages models to rely on geometric and structural cues
rather than fragile appearance details. For example, Sadeghi and Levine [93] demon-
strated that quadrotor navigation policies trained purely with randomized synthetic im-
ages could transfer directly to real-world flights. Subsequent work refined the method
by constraining randomization to physically plausible ranges or by optimizing the sam-
pling distributions. Together, these developments demonstrate how diversity in synthetic
training data can play a crucial role in improving sim-to-real transfer.

Summary. Domain randomization is a scalable strategy for Sim2Real transfer that
intentionally introduces controlled variability across simulated environments, with the
goal of covering a wide range of real-world appearance and dynamics. Rather than striv-
ing for strict photorealism, DR exposes a learning system to diverse visual and physi-
cal cues during training so that the resulting models focus on task-relevant, invariant
features rather than simulator-specific artifacts. This paradigm is particularly attractive
when real-world data are scarce, expensive, or difficult to acquire, and in many cases
enables effective Sim2Real transfer with little to no real data during training, in contrast
to domain adaptation approaches that rely on sufficient target-domain samples.

In practice, DR is typically realized by randomizing multiple factors in the data
generation pipeline, including object layouts and geometries, textures and materials,
lighting conditions, camera parameters, sensor and imaging effects, and, in some con-
texts, dynamics or physics-related parameters. By sampling from a broad randomized
configuration space, DR aims to approximate the variability encountered in real envi-
ronments, thereby reducing the reality gap and improving generalization to previously
unseen real-world scenarios.

Nevertheless, domain randomization is not a panacea. Its effectiveness critically de-
pends on how well the chosen randomization space captures the underlying structure of
real-world variability. Randomization alone cannot compensate for inaccurate or over-
simplified physical, optical, or sensing models, and excessive or poorly targeted random-
ization in high-dimensional parameter spaces may lead to inefficient learning and slow
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convergence. Moreover, while DR enhances robustness to appearance and environmen-
tal variations, it does not inherently enforce geometric consistency, physical plausibility,
or contact-aware reasoning, which are often essential for reliable perception and interac-
tion in complex real-world settings. These limitations highlight the need to complement
domain randomization with more faithful physical modeling and structured priors, es-
pecially in perception tasks involving challenging materials and sensing modalities.

Specifically, our work addresses the limitation of domain randomization in captur-
ing the structured physical image formation process of structured light sensing, which
cannot be resolved by stochastic variability alone.

2.1.2 Domain Adaptation and Alignment

In the process of transferring from simulation to the real world, there usually exists a
significant discrepancy between the source domain with synthetic data and the target
domain with real-world data. This issue is commonly referred to as domain shift or the
reality gap. The goal of Domain Adaptation (DA) is to leverage the abundant annotations
in the source domain to improve performance in the target domain, particularly when
labeled real-world data is scarce or unavailable [107, 32]. As illustrated in Fig. 2.1(b),
DA attempts to reduce the discrepancy between the two domains by explicitly align-
ing feature distributions. The increasing overlap between the source and target domains
highlights the effectiveness of adaptation in narrowing the reality gap. Depending on the
availability of supervision in the target domain, DA methods can be broadly categorized
into supervised, weakly supervised, and unsupervised. Among them, Unsupervised Do-
main Adaptation (UDA) has become the dominant research direction, since large-scale
labels in the real world are often difficult or expensive to obtain [117].

However, in robotic perception and control tasks, DA is not only about feature align-
ment at the algorithmic level, but also closely tied to reducing discrepancies at the sim-
ulator and renderer level. This perspective emphasizes aligning the data generation pro-
cess itself with the target domain, for instance, through high-fidelity physically based
rendering to reproduce realistic lighting, materials, and sensor noise [105], or through
system identification to tune dynamics parameters toward real robot behavior [13]. Thus,
simulator and renderer design is complementary to algorithmic DA methods, together
constituting the core strategies for tackling the sim-to-real challenge.

Existing DA methods can be divided into several levels:

* Pixel-level approaches: reduce appearance gaps via image-to-image translation.
For example, SImMGAN [97] employs adversarial training to refine synthetic im-
ages to look more realistic, while CycleGAN and CyCADA [83] enforce cycle
consistency to preserve structural content, enabling more robust transfer in vision
tasks.

* Feature-level approaches: align distributions directly in the representation space.
DANN [32] introduces a gradient reversal layer to learn domain-invariant features,
CORAL [98] performs statistical matching, and DSN [8] separates shared and
private features to enhance generalization.
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* Model- and training-level approaches: emphasize architectural transferability,
such as Progressive Nets [92], which enable progressive transfer across tasks or
domains, or the method of Cully et al. [24], which leverages simulation knowledge
as a prior to improve real-world exploration efficiency.

* Pseudo-labeling and self-training: exploit source-trained models to generate
pseudo-labels in the target domain and iteratively refine performance [146]. Test-
time and source-free adaptation methods adjust model parameters directly at infer-
ence time, for example by updating batch normalization statistics or minimizing
prediction entropy [65, 111].

» Simulator-level approaches: emphasize aligning with the real distribution at the
data generation stage, e.g., through high-fidelity rendering of lighting and materi-
als or system identification of assets and dynamics [105, 88]. Although algorith-
mic post-processing can partially reduce the gap between synthetic and real data,
its effectiveness is often difficult to quantify and evaluate in advance, and it typ-
ically incurs additional computational and manual overhead. In contrast, directly
optimizing parameters at the simulator level to align the distribution of synthetic
data with that of real data is often more practical and valuable [1].

In robotics, DA exhibits specific characteristics. Synthetic data is widely used for
perception tasks such as object detection and segmentation [112], depth estimation
[133], and pose estimation [20], where DA enables effective transfer with only a small
amount of real-world data. For control tasks, adaptation can either be applied to the
perception module alone or to the entire perception-control pipeline in an end-to-end
manner. For example, James et al. [42] demonstrated data-efficient transfer for robotic
grasping by combining simulation and real-world data.

Moreover, modality choice plays a crucial role in sim-to-real transfer. RGB images
often exhibit large domain gaps in textures, lighting, and material properties, and manual
adjustment of these factors is both time-consuming and costly. In contrast, depth-based
modalities provide more stable geometric cues and are less sensitive to appearance vari-
ations. As illustrated in Fig. 2.3, simulation can generate not only RGB images but also
structured light projection patterns and corresponding depth maps. The figure shows
two representative setups: Intel RealSense (top row) and Photoneo (bottom row). By
explicitly simulating the sensing pipeline of each device, including structured light pro-
jection and depth reconstruction, these modality-specific simulations significantly re-
duce the model mismatch between synthetic and real data. Rather than adapting from
generic RGB or depth representations, the learning process operates on sensor-aligned
modalities whose statistical and geometric properties more closely reflect real measure-
ments. This alignment is particularly beneficial for Sim2Real transfer, as it shifts the
primary adaptation challenge from low-level appearance discrepancies to higher-level
task-relevant variations. For each sensor, the simulated outputs include RGB renderings,
the projected pattern that the sensor would cast onto the scene, and the reconstructed
depth map. These simulated modalities closely mirror the sensing pipeline of the actual
devices, thereby providing a realistic proxy for training. Reproducing sensor-specific
depth characteristics in simulation helps mitigate the domain gap. Depth sensing has
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Figure 2.3: Simulated modalities and domain adaptation across depth sensors.

shown particular advantages in challenging scenarios involving transparent or reflective
objects, where RGB-based adaptation becomes especially difficult [141, 4].

Despite the broad progress of DA, several challenges remain. Common failure
modes include negative transfer due to misalignment, class distribution shift between
domains, semantic drift introduced by pixel-level translation, pseudo-label noise accu-
mulation in self-training, and the high cost of adjusting lighting and material proper-
ties for RGB-domain adaptation. These issues limit the applicability of DA in complex
robotic environments. Overall, This observation highlights a broader limitation of exist-
ing Sim2Real techniques and motivates sensor-aware, physically grounded solutions for
robust depth perception in challenging real-world scenarios. DA provides an essential
strategy for sim-to-real transfer, complementing system identification, domain random-
ization, and physically based rendering, and together forming the major approaches to
bridging the reality gap.

2.2 Generalizable Perception for Transparent Objects

Transparent objects are materials that allow most incident light to pass through while
only reflecting or scattering a small portion, commonly seen in daily life (e.g., glass win-
dows, plastic bottles, laboratory glassware). In robotics applications, transparent items
like building glass walls in autonomous driving, glass flasks in automated labs, or clear
containers in service robots are frequently encountered. However, due to their unique
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optical properties, perceiving such objects is a formidable challenge for robots. On one
hand, transparent objects lack distinctive visual features like color or texture; their ap-
pearance largely shows the background behind them, so traditional feature detection or
texture-based recognition struggle. On the other hand, transparent materials violate the
Lambertian assumption that underlies many standard vision sensors: instead of diffus-
ing light uniformly, transparent surfaces refract and transmit light. Consequently, depth
sensors like RGB-D cameras or LiDAR often produce incorrect or missing depth read-
ings on transparents: either measuring the background behind as if it were the object’s
depth, or failing entirely due to specular highlights. In summary, two core perception
problems arise for transparent objects: detecting/localizing them (“where is it?”) and re-
covering their shape or depth (“how big/far is it?”). In recent years, fueled by advances
in Al, a multitude of new datasets and methods have emerged to tackle these issues, and
publications have surged accordingly [45].

2.2.1 Sensors and Simulation Platforms

Progress in transparent object perception has been closely tied to specialized hardware
sensors and data generation techniques. This section reviews both physical sensing
modalities and simulation platforms that have been leveraged to perceive transparent
objects, highlighting their respective strengths and limitations.

Physical Sensors

A variety of physical sensor modalities have been explored for transparent object per-
ception, each addressing different aspects of the challenges posed by transparency, re-
fraction, and specular reflection.

RGB-D Cameras. RGB-D cameras such as Microsoft Kinect and Intel RealSense
provide aligned color images and per-pixel depth measurements and are widely used in
general 3D perception. However, their active infrared-based depth sensing often fails on
transparent objects due to violations of the Lambertian surface assumption. For instance,
when an Intel RealSense D415 observes a glass object, projected infrared patterns may
pass through the glass and reflect off background surfaces, causing the sensor to report
background depth instead of the glass surface. In other cases, strong specular reflections
can confuse the stereo matching algorithms inside the sensor, leading to missing or
erroneous depth measurements.

Stereo Cameras. Stereo vision systems infer depth by matching features between two
cameras with a known baseline, as exemplified by platforms such as the Stereolabs ZED.
In scenes with sufficient background texture, stereo methods can sometimes recover the
outline of transparent objects through refractive distortions of the background. Nev-
ertheless, because transparent regions lack consistent appearance for correspondence,
standard stereo matching typically fails within the object interior. Several works have
proposed specialized matching strategies or regularization techniques to better handle
transparent and reflective surfaces [119].
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Light Field Cameras. Light field cameras capture not only light intensity but also the
directional distribution of incoming rays. This additional angular information enables
post-capture refocusing and ray rebinning, which can expose refractive effects intro-
duced by transparent objects. Early studies demonstrated that light field data could be
used to detect refractive distortions of a known background pattern, thereby localiz-
ing clear glass objects [143]. Despite their advantages, light field cameras suffer from
lower spatial resolution and heavy computational requirements. Nonetheless, light field
cues have been successfully applied to transparent object recognition [69], segmenta-
tion [127], and pose estimation.

Polarization Cameras. Polarization cameras are equipped with pixel-level polarizing
filters that measure the polarization state of light. Because transparent dielectrics reflect
and refract light in a polarization-dependent manner, polarimetric images can reveal
material boundaries and suppress glare [48]. By deriving Degree of Linear Polarization
(DoLP) and Angle of Polarization (AoLP) representations, the contrast of glass objects
against background regions can be significantly enhanced [48]. Empirical studies have
reported notable accuracy improvements when incorporating polarization cues for glass
segmentation and detection [48, 75]. The primary drawback is that polarization cam-
eras remain relatively expensive and typically offer lower spatial resolution compared
to standard RGB sensors.

RGB-Thermal Cameras. RGB-thermal sensors combine a visible-light camera with
a long-wave infrared (LWIR) thermal sensor, producing spatially aligned outputs. Many
common transparent materials, including glass, are opaque in the LWIR spectrum. As a
result, objects that are visually transparent often appear as solid regions in thermal im-
ages. This property has been exploited to improve glass segmentation performance [39].
However, thermal cameras generally provide lower resolution imagery and incur higher
hardware costs.

Tactile Sensors. Tactile sensing modalities, such as high-resolution touch sensors
(e.g., GelSight) or force-torque sensors, provide complementary information when vi-
sual perception is unreliable. In manipulation tasks involving transparent objects, tac-
tile feedback can verify object presence, infer local surface geometry, and assess grasp
stability upon contact. For example, tactile signals can help confirm the pose of a trans-
parent cup during robotic grasping [61]. Since tactile sensing is inherently local and
contact-based, it is typically used alongside vision for planning and execution rather
than as a standalone perception modality.

Overall, each physical sensing modality exhibits distinct trade-offs. Specialized sen-
sors such as polarization or thermal cameras offer rich cues for transparency at higher
cost, whereas conventional RGB or stereo systems are more affordable but require al-
gorithmic compensation to address their inherent limitations. Practical systems often
combine multiple modalities or select sensors based on task requirements and environ-
mental constraints.
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Simulation Platforms

When real-world data of transparent objects are scarce, expensive to acquire, or difficult
to annotate, simulation platforms provide an effective alternative for generating syn-
thetic training data. Several tools support rendering transparent materials with varying
degrees of realism and efficiency.

Blender. Blender is an open-source 3D modeling and rendering suite that includes
physically based renderers such as Cycles and LuxCoreRender. It allows precise control
over optical material properties and can simulate complex effects including refraction
and caustics. Prior work has used Blender extensively for data generation; for exam-
ple, ClearGrasp [94] rendered approximately 50k images for depth completion, while
TransProteus [29] generated large-scale synthetic datasets for transparent object seg-
mentation. The main limitation of Blender-based pipelines is the high computational
cost associated with path-traced rendering. Such path-tracing-based renderers explicitly
simulate multiple light bounces and wavelength-independent refraction, making them
particularly suitable for modeling complex transparency effects, albeit at high computa-
tional cost.

Unreal Engine. Unreal Engine (UE) is a commercial real-time rendering platform
widely adopted for interactive simulation. Recent versions of UE support advanced
lighting models and hardware-accelerated ray tracing, enabling visually realistic scenes
at interactive frame rates. Transparent object simulation has been explored in UE and
similar engines such as Unity; for instance, the SuperCaustics framework [78] employs
real-time ray tracing in Unreal Engine 4 to simulate caustics, dispersion, and refrac-
tion effects. Although real-time engines generally cannot match the ultimate realism of
offline renderers, they offer a favorable balance between visual fidelity and rendering
efficiency. In contrast, real-time engines rely on approximations or hybrid ray tracing
pipelines, which trade strict physical accuracy for efficiency and scalability.

NVIDIA Isaac Sim. NVIDIA Isaac Sim is a recent simulation and collaboration plat-
form that emphasizes photorealistic real-time graphics and physically accurate simula-
tion for robotic applications. It integrates the PhysX physics engine and supports mul-
tiple rendering modes, including RTX real-time, RTX path tracing, and Iray. Isaac Sim
facilitates the generation of datasets with realistic transparency effects while also pro-
viding ground-truth geometry and pose information. For example, the Isaac Sim Ob-
ject Dataset [145] was generated using this platform and includes diverse scenes with
physically simulated transparent objects. However, the high hardware requirements of
Isaac Sim, particularly for GPU memory and real-time ray tracing performance, im-
pose practical limitations on its deployment, especially for large-scale data generation
or resource-constrained research environments.

In summary, simulation platforms offer flexible means for data generation in trans-
parent object perception. High-fidelity renderers are well suited for offline dataset cre-
ation where realism is paramount, whereas real-time engines enable interactive training
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and large-scale data generation. While synthetic data have become indispensable in this
field, they also introduce the challenge of domain adaptation, namely ensuring that mod-
els trained in simulation transfer effectively to real-world scenarios.

2.2.2 Transparent Object Segmentation

Transparent object segmentation aims to distinguish transparent material regions in im-
ages, typically producing a pixel-wise mask. It is a fundamental perception task. For
example, an autonomous robot must detect glass doors or windows to avoid collisions,
and a manipulator may first segment a transparent target object to facilitate subsequent
localization and grasping. In recent years, several datasets and algorithms have been
introduced for this problem.

Datasets. A variety of public datasets have driven progress in transparent object seg-
mentation. Early on, TransCut [127] was captured with a light field camera and contains
a small number of images of transparent containers against different backgrounds, pro-
viding one of the first multi-view transparency datasets. Tom-Net [14] combined 178k
synthetic images rendered with POV-Ray using random refractive indices and 876 real
photos, leveraging diverse backgrounds and materials to improve model generalization
to transparent objects. The Glass Detection Dataset [76] followed, offering 3,916 pairs
of glass images and binary masks across indoor and outdoor scenes, which became a
widely used benchmark for glass detection and segmentation.

A novel direction using polarization cameras was introduced with the Polarized
dataset [75], which contains 1,600 images captured by a polarimetric camera and incor-
porates polarization information for enhanced glass segmentation. Scaling up further,
Trans10k [123] provided over 10,000 images with manual annotations, while its refined
version Trans10k-v2 [124] offered finer labels and more detailed annotations, laying a
strong data foundation for general transparent object segmentation. The Glass Surface
Dataset [66] targeted more complex-shaped glass surfaces and offered more challenging
examples.

In terms of synthetic data, SuperCaustics [78] was generated in game engines such
as Unreal or Unity and includes 9,000 images with physically accurate caustics ef-
fects to test models’ ability to handle complex light patterns. One of the most chal-
lenging datasets to date is TransProteus [29], which consists of 50k synthetic images
generated in Blender and 104 real images, encompassing 13k distinct objects and 500
backgrounds, significantly increasing scene complexity and object variety. Other no-
table datasets include TransTouch [7], which improves transparent-object depth percep-
tion by fine-tuning stereo networks with sparse depth supervision automatically col-
lected through tactile probing, and provides a real-world dataset containing both dif-
fuse and transparent objects for evaluation. RGBP-Glass [75], which offers a large-scale
polarization-based dataset with 4,511 pairs of RGB intensity and polarization images,
and RGB-Thermal [39], which contains 5,551 aligned RGB and thermal image pairs
upsampled to a resolution of 640 x 480.

Altogether, these datasets expand the coverage of transparent object types, envi-
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ronments, and sensing modalities, including daily objects, building glass, laboratory
benchtops, outdoor scenes, and RGB, polarization, and thermal imaging. While real-
world datasets are costly to annotate and limited in scale, synthetic data plays a crucial
role in advancing this field, albeit introducing a simulation-to-reality domain gap.

Methods. Approaches to transparent object segmentation have evolved from tradi-
tional hand-crafted feature techniques to modern data-driven deep learning methods.
Early hand-crafted approaches exploited observable cues of transparent objects, such as
object boundaries, specular highlights, or distortions. Mei et al. [76] leveraged learned
contextual and boundary cues to locate glass edges in real scenes, while [82] located
transparent objects by the shape of specular highlights. However, these methods typi-
cally assumed simple or known backgrounds and did not generalize well to complex
scenes. Some improved approaches incorporated multi-modal cues, for example, Guo-
Hua et al. [33] retrieve transparent candidates from depth deficits and then use RGB/IR
cues for recognition and localization, or using light field images to compute refraction
linearity features for fine-grained segmentation [127].

With the rise of deep learning, learning-based methods became dominant and can
be broadly categorized into single-modal and multi-modal approaches. Among RGB-
only methods, Tom-Net [14] formulates transparent object matting as refractive-flow
estimation and predicts a transparent matte consisting of an object mask, an attenuation
map, and a refractive flow field from a single image, while object detection frameworks
such as Mask R-CNN [36] were adapted for instance-level glass segmentation [21].
To enhance sensitivity to transparent regions, GDNet [76] introduced spatial attention
mechanisms. Transformer-based models were later adopted to capture global context
more effectively, including Trans2Seg [124] and the dual-headed Trans4Trans [139] for
wearable navigation scenarios. Boundary-aware approaches such as TransLab [123] and
EBLNet [35] incorporated explicit edge supervision to improve boundary precision.

Multi-modal segmentation methods further improved performance by incorporating
sensor data beyond RGB. Combining infrared images with RGB leverages the fact that
many transparent objects are opaque in IR. Yan et al. [128] propose NRGlassNet, which
takes paired RGB and near-infrared images and strengthens glass surface detection via
cross-modal contrast and difference modeling modules. Polarization imaging has also
proven effective: Kalra et al. [48] proposed Polarized Mask R-CNN [36], which fuses
polarization cues into Mask R-CNN [36] via a polarization attention module. Similarly,
PGSNet [75] dynamically fused polarization and trichromatic color information to bal-
ance fine detail preservation and global context. Thermal-RGB fusion represents another
direction. Huo et al. [39] developed an RGB-thermal network that uses attention mod-
ules in a Transformer encoder to combine thermal and visible features, outperforming
RGB-only models on a custom RGB-thermal dataset.

Challenges. Despite these advances, transparent object segmentation still faces sev-
eral challenges. Constructing large, high-quality, pixel-annotated datasets remains labor-
intensive, and polarization or thermal datasets are relatively small, limiting further gains
in deep models and generalization. Synthetic data augmentation using tools such as
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Blender [94, 29] helps alleviate this issue but introduces a sim-to-real domain gap. In
addition, real-world deployment demands robustness under varying illumination, dy-
namic backgrounds, and real-time constraints, while many state-of-the-art models re-
main computationally heavy. Finally, most existing methods adapt architectures de-
signed for opaque objects, whereas the unique physical properties of transparency may
call for task-specific representations, optical modeling, or generative approaches such
as GANs or diffusion models.

2.2.3 Transparent Object Depth Completion and Reconstruction

Standard RGB-D sensors struggle to capture the true geometry of transparent objects, so
researchers have proposed various methods to complete the depth of transparent regions
or directly reconstruct their 3D shape. Solving this not only gives robots a more complete
3D understanding of the environment, but also enables algorithms originally designed
for opaque objects (e.g., grasp planners) to be applied to transparent objects. Below, we
first introduce recent datasets for this task, then discuss different methods, and finally
summarize challenges.

Datasets. Transparent object reconstruction requires ground-truth depth or shape data
for training and evaluation, which is hard to obtain. It often involves either special pro-
cedures to measure true depth on transparent objects or creating highly realistic simula-
tions. Several important datasets released after 2020 include: ClearGrasp [94]: the first
large-scale transparent object depth completion dataset, containing 50k synthetic im-
ages from Blender and 286 real photographs. In the real subset, transparent objects were
sprayed with a diffusing coating so that an RGB-D camera could capture approximate
true depth (once the object became opaque when sprayed). OOD (Omniverse Object
Dataset) [145]: a synthetic dataset rendered with NVIDIA Omniverse at 60k+ images.
Ground truth is produced via a two-pass rendering strategy: first render geometry-related
labels (e.g., depth) with all objects set opaque, then render the RGB image with selected
objects set to glass using path tracing, aligning transparent appearance with the provided
supervision. TODD (Transparent Object Depth Dataset) [126]: a real dataset captured
with an Intel RealSense camera and an AprilTag rig for automatic ground truth, com-
prising 14,659 RGB-D images of 6 transparent container objects. By placing AprilTag
markers inside and capturing from multiple angles, fairly accurate depth maps were ob-
tained for evaluation. TRANS-AFF [46]: contains 1,346 pairs of RGB and depth images
for 8 graspable transparent containers; besides depth, it labels which areas of the con-
tainer afford stable grasps. This dataset is designed for joint study of depth completion
and physical affordances. Dex-NeRF data [40]: includes 8 synthetic scenes and 8 real
scenes, each with multi-view RGB images, intended for using NeRF to reconstruct trans-
parent objects and plan grasps (useful for multi-view reconstruction benchmarks). Evo-
NeRF data [52]: 8,667 rendered sequences of transparent object scenes using Blender,
to test dynamic reconstruction models in sequential grasping scenarios. TransCG [31]:
a large-scale real-world dataset with 57,715 RGB-D images of transparent objects in
clutter; it utilized precise optical tracking and multi-view fusion to obtain accurate depth
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ground truth for transparent items. DREDS and STD [26]: DREDS is a 130k-image syn-
thetic dataset that simulates an active-stereo depth camera (RealSense-D415-like) and
produces depths with realistic noise patterns; STD is a real dataset capturing 30 cluttered
scenes with 50 objects across specular/transparent/diffuse materials, used for evaluating
depth restoration. Generally, synthetic datasets are larger and easier to annotate auto-
matically (DREDS, OOD), but their realism and diversity are bounded by simulation
capabilities. Real datasets like TODD or TransCG achieve a certain scale through clever
labeling strategies and are truer to life, but often cover fewer object types or simpler
scenes. The ideal dataset would span many object categories, complex scenes, and pre-
cise 3D ground truth — currently a tall order, so many methods still rely on synthetic data
to supplement training.

Methods. Broadly, methods for transparent object 3D reconstruction/depth prediction
can be categorized by the number of viewpoints used, into multi-view methods versus
single-view methods.

These assume the object can be observed from multiple angles and leverage multi-
frame information to recover 3D structure. In classic computer vision, one approach is
the visual hull [118]: silhouettes of the object are extracted from each viewpoint and
intersected in 3D to approximate the object’s volume. This works for convex shapes but
tends to over-fill concavities or interior voids, and with transparent objects it is challeng-
ing to obtain clean silhouettes at all, since their contours may be faint or camouflaged
by the background. Some refinements instead leverage additional cues beyond silhou-
ettes. For example, RFTrans [99] uses refractive flow as an intermediate representation
to estimate surface normals from a single RGB-D image, and combines the predictions
with a global optimization module to refine depth and geometry for manipulation, or
exploiting object symmetries [84]. However, these often require strong priors, such as
a known background or assumed shape types. Another direction is learning-based two-
view (stereo) reconstruction using active-stereo sensors. For instance, ASGrasp [96]
leverages RGB and IR images from an RGB-D active stereo camera and a learning-
based stereo pipeline to reconstruct geometry of transparent objects for grasping.

Major recent advances come from Neural Radiance Fields (NeRF) and related tech-
niques. NeRF represents a scene as a continuous function that, given a spatial coor-
dinate and viewing direction, outputs color and density, enabling photorealistic novel
view synthesis. Adapting NeRF to transparency requires handling refraction and reflec-
tion, but progress has been made. Dex-NeRF [40] applies NeRF to a transparent object
in a robotic context: by capturing multiple RGB images around a transparent object, it
trained a NeRF to capture the mixed appearance of object and background, then derived
the object’s geometry from the NeRF for grasp planning. Dex-NeRF showed NeRF can
implicitly learn a transparent object’s shape, but training took several hours, so it was
limited to offline use. Subsequently, Evo-NeRF [52] introduced faster training strate-
gies (leveraging Instant-NGP [79] and other acceleration) making NeRF construction
quicker for transparent scenes, and explored sequential updating where a robot continu-
ously refines the NeRF after successive grasps. The advantage of NeRF-based methods
is their ability to, in principle, model very complex optical phenomena (including mul-
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tiple refractions), but drawbacks include high computational cost, non-real-time infer-
ence, and the requirement of multiple views (often with a controlled setup such as static
background).

Since capturing multiple views is not always practical (a robot might only see an
object from one perspective, or only one image of an object might be available), many
works try to infer transparent object depth or shape from just a single frame.

Early approaches took an analysis-and-optimization route: first extract intermedi-
ate information from the image, then infer depth via optimization. For example, Clear-
Grasp [94] uses a two-step pipeline: a CNN first predicts intermediate outputs from the
RGB input — namely a surface normal map, a segmentation mask of transparent regions,
and edge contours. In the second step, these predictions, along with the raw sensor depth
(with holes/noise), feed into a global optimization module (utilizing a cost-volume for-
mulation) to fill in the missing depth for transparent regions. ClearGrasp [94] worked
well on simple tabletop scenes, but it relies heavily on correct normal and mask pre-
dictions; its performance degrades if lighting causes the normal prediction to fail or if
segmentation misses parts of the object. TRANS-AFF/A4T [46] proposes an affordance-
guided, multi-step depth reconstruction pipeline for transparent containers, where depth
is progressively reconstructed region-by-region using predictions (e.g., normals/bound-
aries) together with global optimization and RANSAC-based plane fitting.

With more powerful learning techniques, fully end-to-end single-view methods have
emerged. Broadly, these approaches can be categorized into methods that primarily
leverage point clouds or depth as input and those that rely mainly on RGB images.
For the former category, Seeing Glass [126] proposed a joint point-cloud and depth
completion framework for transparent objects. The method starts from the incomplete
point cloud produced by depth sensors and learns to recover missing geometry caused
by transparency using a 3D convolutional network. The recovered geometric informa-
tion is then projected back to the depth domain and combined with RGB features to
produce a dense depth map. By explicitly incorporating three-dimensional structure into
the learning process, this hybrid 3D-2D formulation preserves object geometry more
effectively than purely image-based approaches. The method in OOD [145] introduced
local implicit scene representations for transparent depth completion. Instead of pre-
dicting depth explicitly on a grid, it learns a local implicit function that models depth in
transparent regions and iteratively refines predictions through self-correction. Trained
primarily on synthetic data, this approach captures common depth patterns of trans-
parent objects and demonstrates a degree of generalization to unseen instances. Other
approaches avoid explicit point cloud representations and directly process RGB-D in-
puts. For example, TranspareNet [126] employs dual encoders for RGB images and
initial depth maps, fuses their features, and decodes a completed depth map. This joint
processing of color and depth has been shown to be effective for both transparent and
specular objects. Transformer-based models have also been applied to this problem. As
noted earlier, TODE-Trans [16] uses a Transformer encoder to capture global context
and a decoder to recover fine-grained details, together with a multi-scale feature fusion
module, achieving substantially lower error on transparent depth estimation compared to
prior CNN-based methods. Similarly, SwinDRNet [26] employs two Swin Transformer
encoders for RGB and depth, respectively, and fuses them via cross-attention. Notably,
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it additionally predicts a confidence map indicating the reliability of its depth estimates,
which is used to blend the network output with the original sensor depth where appro-
priate. This design proves particularly effective in synthetic-to-real transfer and achieves
state-of-the-art performance on transparent depth completion benchmarks. Finally, some
methods prioritize computational efficiency. FDCT [62] adopts a lightweight network
that takes RGB images and raw depth with missing values as input and outputs com-
pleted depth maps at real-time speed. Although its accuracy is lower than that of more
complex models, its efficiency makes it well suited for robotics applications such as
grasping, where low latency is critical.

Summary and challenges. In summary, multi-view methods tend to achieve higher
reconstruction accuracy and completeness, at the cost of increased data requirements
and computational overhead. Single-view methods offer greater deployment flexibility,
but their performance degrades on objects with complex geometry or appearances that
lie outside the training distribution.

Several open challenges remain in transparent object depth reconstruction. A fun-
damental difficulty lies in obtaining reliable ground truth depth. Unlike segmentation
tasks, where object boundaries can be annotated manually, providing accurate pixel-
wise depth for transparent objects is nearly impossible. Existing datasets rely on differ-
ent acquisition strategies, each with significant limitations. Surface spraying alters the
appearance of the object, fiducial markers only apply to specific shapes, and structured
light scanners are difficult to deploy in cluttered environments. As a result, many meth-
ods rely heavily on synthetic data, and their performance in real-world scenes remains
uncertain. Unsupervised or self-supervised learning offers a promising alternative by
allowing models to learn from rendering consistency or physical constraints without ex-
plicit depth supervision. However, for transparent objects, such approaches are still far
from practical.

Another major challenge concerns generalization and computational efficiency.
NeRF-based methods struggle severely with transparent objects because standard vol-
umetric rendering formulations are ill-suited to refractive and transmissive materials.
In addition, these methods are computationally expensive and impractical for real-time
use. While ongoing research on accelerating NeRF may reduce runtime, it does not fun-
damentally resolve the modeling difficulties posed by transparency. In contrast, single-
view CNN and Transformer-based approaches can achieve good performance on data
similar to their training distribution, but often fail when confronted with unseen mate-
rials, refractive properties, or object geometries. Improving robustness across diverse
transparent materials and developing models that generalize reliably across scenarios
remain open problems.

Multi-modal sensing presents both opportunities and challenges. Modalities such as
polarization, thermal imaging, or tactile feedback can provide additional constraints for
transparent object perception. However, designing architectures that fuse these signals
effectively, without introducing ambiguity or conflicting cues, remains difficult. Finally,
handling complex scenes containing multiple transparent objects is extremely challeng-
ing. Most existing methods assume a single dominant transparent object or relatively
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simple configurations. When multiple transparent objects overlap or occlude one an-
other, current techniques struggle to disentangle and reconstruct their individual depth.
Accurately reconstructing a scene with many stacked or interleaved transparent objects
remains beyond the capabilities of current systems.

Addressing these challenges will require a deeper understanding of complex scenes,
potentially through the integration of scene-level priors, semantic context, or hierar-
chical reconstruction strategies, in order to move closer to human-level perception of
transparent objects in unconstrained environments.

2.3 Physically Realistic Depth Sensor Simulation

2.3.1 Structured Light Depth Sensor Simulation

Early studies on structured light depth sensors primarily focused on characterizing and
modeling real sensor behavior, rather than generating learning-oriented synthetic data.
Geometric and statistical analyses of Kinect-class structured light devices quantified
depth accuracy, bias, and noise characteristics as functions of distance, incidence an-
gle, and image location [77, 81, 22]. These works provided empirical error models that
later simulation pipelines rely on for parameter calibration and realism, but they did not
explicitly aim at data generation for deep learning.

Moving beyond pure error modeling, Landau et al. [58] proposed a physics-inspired
simulator that predicts Kinect-style infrared and depth images by modeling the interac-
tion between the infrared emitter, the projected pattern, and the receiver, enabling the
synthesis of depth images that resemble real Kinect outputs [58]. While this work intro-
duced physically motivated image formation, its primary goal remained sensor behavior
analysis rather than large-scale dataset generation for learning.

Subsequent work shifted toward synthetic data generation for deep learning, with
increasing emphasis on physical realism. DepthSynth [87] generates realistic depth im-
ages from CAD models by modeling sensor noise, surface geometry, and material re-
flectance, and explicitly evaluates the effect of such synthetic depth on training deep
recognition models [87]. Koch et al. [55] further advanced structured light simulation
fidelity by co-designing scanning hardware and a calibrated simulation pipeline, achiev-
ing near pixel-level agreement between real and simulated images on controlled scenes
and providing benchmark datasets for 3D reconstruction evaluation [55].

A major conceptual advance was introduced by Planche and Singh [86], who pro-
posed a physics-based differentiable depth sensor simulation that explicitly models
infrared projection, occlusion-aware image formation, and structured light correspon-
dence, while enabling gradient-based optimization of simulation parameters to better
match real sensor observations. Building upon this line of work, Bai et al. [4] presented
a fully physics-based structured light simulation pipeline capable of generating large-
scale RGB-D datasets for industrial robotic perception, and showed that such synthetic
data can substantially reduce the Sim2Real gap in detection, segmentation, and grasping
tasks, even when real depth measurements are not used for training supervision.
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2.3.2 Active Stereo Depth Sensor Simulation

Active stereo depth sensors, exemplified by the Intel RealSense family, fundamentally
differ from structured light systems in that depth is recovered through stereo correspon-
dence on infrared images augmented by projected texture, rather than explicit pattern
decoding. As a result, depth errors in active stereo are strongly dependent on material
properties, infrared image quality, and stereo matching failure, making heuristic depth
noise models insufficient.

Recent work has therefore focused on physically grounded simulation of the full
active stereo pipeline. Dai et al. [26] introduced a domain-randomization-enhanced sim-
ulation framework that models active stereo depth sensing using physically based ren-
dering, enabling the generation of large-scale RGB-D datasets with realistic missing
and corrupted depth on specular and transparent objects. The synthetic data were used
to train depth restoration networks that generalize effectively to real RealSense data and
improve downstream robotic perception tasks.

Zhang et al. [141] further proposed a physics-grounded active stereo sensor simula-
tion that explicitly models material-dependent infrared reflectance, ray-traced infrared
image formation, sensor noise, and stereo correspondence, with the goal of closing the
optical sensing domain gap for RealSense-style cameras. Their results demonstrate that
simulating intermediate infrared observations and the stereo reconstruction process is
critical for learning-based methods to transfer from simulation to real active stereo sen-
SOrS.

Complementary to these research-focused simulators, the SAPIEN simulator inte-
grates a real-time active stereo depth sensor model (“Realistic Depth”) designed as a
practical drop-in replacement for ground-truth depth in robotics simulation, further high-
lighting the importance of sensor-realistic depth for Sim2Real learning with RealSense-
class cameras [120].

2.3.3 Time-of-Flight Depth Sensor Simulation

Physically realistic simulation of time-of-flight (ToF) depth sensors has a longer his-
tory, originally motivated by sensor design and performance analysis rather than data
generation for deep learning. Early work by Keller and Kolb [51] proposed a real-time
physics-based simulation of PMD-style ToF sensors, modeling effects such as flying
pixels, motion blur, and systematic depth deviations. Lambers et al. [57] extended this
line of work with a physically parameterized AMCW ToF simulation framework aimed
at evaluating chip layout variants and sensor design choices.

Later studies emphasized the role of multipath interference (MPI) and material-
dependent infrared reflectance in ToF sensing. Bulczak et al. [11] introduced a quanti-
fied, interactive AMCW ToF simulation that incorporates multipath effects and models
sensor behavior down to pixel-level charge accumulation, enabling controlled analysis
of ToF artifacts. Yan et al. [129] further improved physical fidelity by adopting path-
tracking-based simulation with measured infrared BRDFs, reporting quantitative agree-
ment with real experiments in terms of depth error metrics.

More recently, ToF simulation has been increasingly connected to deep learning.
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Instead of fully modeling the physical pipeline, Miiller et al. [80] proposed a learning-
based artifact generation approach that maps high-quality laser scans to realistic ToF
depth images with characteristic artifacts, providing a scalable alternative for generating
training data when full physical simulation is computationally expensive.
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Chapter 3

Close the Sim2Real Gap via
Physically-based Camera Simulation

3.1 Research Motivation and Challenges for Structured
Light Depth Sensing

With the rapid development of deep learning, the capabilities of robotic perception have
improved significantly in areas such as object recognition, pose estimation, and seman-
tic understanding. However, the application of deep learning models in industrial robotic
systems remains constrained due to the inherent complexities of the industrial environ-
ment and the challenges associated with data acquisition. This chapter introduces the
motivation and background of this research, highlighting the necessity of physically-
based camera simulation in bridging the gap between synthetic and real data for robot
vision tasks. We conclude the chapter by outlining the key contributions and novel meth-
ods proposed in this thesis.

3.1.1 Industrial Challenges in Robotic Perception

In industrial contexts such as smart manufacturing, logistics, and automated warehous-
ing, robots are expected to operate in highly dynamic and cluttered environments. These
robots must identify, locate, and manipulate a wide variety of objects that differ in shape,
size, texture, and material. Visual perception, particularly object detection and 6D pose
estimation, plays a foundational role in ensuring that robots can interact with their sur-
roundings in a safe and efficient manner. However, collecting high-quality training data
for these tasks remains a significant bottleneck. Factories are often subject to strict safety
regulations and confidentiality agreements, making large-scale data collection and an-
notation not only logistically difficult but also legally sensitive. Furthermore, manual
annotation of industrial datasets, especially those involving depth data and pose infor-
mation, is labor-intensive and time-consuming.

These challenges are further compounded by the complexity of the environment it-
self. Industrial tasks often involve heavy occlusion, variable lighting, and high object
density, which introduces substantial ambiguity in visual inputs. Additionally, many in-
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dustrial parts are relatively heavy and must be physically moved and repositioned dur-
ing data collection. Repeated handling of such components can cause physical strain
to human operators, particularly when performed over extended periods or in awkward
postures. This introduces health and safety concerns, further increasing the cost and
difficulty of collecting real-world datasets in industrial environments. In such condi-
tions, relying solely on real data for training deep learning models is not only inefficient
but also impractical in many scenarios. These limitations have prompted researchers to
turn to synthetic data and simulation-based training pipelines. Nevertheless, traditional
simulation approaches still suffer from a notable Sim2Real gap, especially in depth per-
ception and fine surface details—both of which are critical for robotic manipulation.

3.1.2 The Importance of Physically-based Camera Simulation

Bridging the Sim2Real gap in robotic vision tasks requires not only the simulation of
visually realistic RGB images but also the accurate reproduction of depth sensing pro-
cesses. However, most existing simulation pipelines concentrate primarily on RGB im-
age generation and ignore the depth modality or treat it as a secondary product derived
from geometric information. As a result, these simulations often fail to capture the noise
characteristics, occlusion behavior, and structural distortions present in real-world depth
sensors. This limitation is especially critical for multimodal perception tasks, such as
RGB-D object detection, instance segmentation, and 6D pose estimation, where the ac-
curacy and consistency of depth data are as important as the RGB modality. The absence
of physically-informed depth simulation severely limits the applicability and generaliza-
tion of learned models when transferred from synthetic to real-world domains.

Structured light cameras are widely used in industrial environments due to their
high precision, robustness to texture variation, and relatively low cost. Among them,
gray-code based systems are particularly prevalent. These sensors acquire depth by pro-
jecting a sequence of structured patterns onto the scene and decoding the reflected light.
Crucially, the noise characteristics and reconstruction artifacts in the captured depth data
are inherently tied to this imaging principle and cannot be realistically replicated through
post-processing alone. Therefore, a meaningful simulation of such sensors must explic-
itly model the projection, capture, and decoding processes. In this thesis, we propose a
physically-based simulation framework for gray-code structured light cameras, imple-
mented in Blender’s Cycles engine. This system reproduces depth sensor behavior with
high fidelity, accounting for shadow-induced data loss and sensor-specific noise. The
simulation outputs aligned RGB-D images along with ground truth labels for tasks such
as object detection, segmentation, and pose estimation, offering a robust foundation for
multimodal Sim2Real learning.

3.1.3 Contributions and Innovations

This work addresses the practical challenges of applying deep learning to industrial
robotic perception by introducing a robust and physically grounded data generation
framework. A central contribution lies in the development of a physically-based sim-
ulation system for gray-code structured light cameras, which enables the generation of
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photorealistic RGB images and physically realistic depth maps. By accurately model-
ing the imaging process—including projection, reflection, and decoding—the system
produces RGB-D data that captures sensor-specific noise and optical artifacts, provid-
ing a high-fidelity foundation for training vision models with better generalization to
real-world conditions.

In addition, this chapter presents a complete RGB-D dataset designed for indus-
trial robotic grasping scenarios. The dataset includes a large-scale synthetic training set
and real-world evaluation set, making it possible to quantitatively benchmark Sim2Real
performance across multiple perception tasks, such as object detection and instance seg-
mentation. Finally, the method is validated through its application in a real robotic plat-
form, demonstrating that simulation-driven training using physically accurate RGB-D
data can significantly improve the effectiveness and robustness of robotic visual manip-
ulation in complex industrial environments.

3.2 Challenges and Design Considerations in Synthetic
Depth Simulation

As synthetic data becomes a prominent tool for training deep learning models in robotic
vision, the accuracy and realism of depth image simulation are increasingly important.
This section reviews the development of synthetic dataset generation methods, analyzes
the Sim2Real gap in depth-based perception, and classifies sensor simulation strategies.
Finally, it highlights the role of physically-based rendering in producing high-fidelity
RGB-D datasets.

3.2.1 Synthetic Dataset Generation and Sim2Real Gap

The use of synthetic datasets to train robotic perception models and transfer them to
real-world environments has gained widespread attention. Tools such as Omniverse [91],
Unreal Engine [53, 89, 101], Blender [2, 37, 73, 41], and PyBullet offer diverse func-
tionalities for rendering 3D scenes and producing annotated RGB-D images. These plat-
forms differ in rendering quality, support for physical modeling, and simulation speed.
Game engines, while offering high frame rates, often lack accurate ray tracing and light
transport simulation, which limits realism in reflective and transparent surfaces.

A persistent challenge in this domain is the Sim2Real gap, which refers to the per-
formance degradation observed when models trained on synthetic data are deployed in
real-world environments. This issue is particularly pronounced in RGB-D perception,
where inaccuracies in depth maps caused by unrealistic geometry, textures, or sensor
noise can significantly impair downstream tasks such as grasping and segmentation. To
mitigate this gap, domain randomization introduces variations in appearance, lighting,
and material properties, while domain adaptation methods such as GANs aim to align
the distributions of synthetic and real data. However, these strategies are largely devel-
oped for RGB imagery and often fail to capture the underlying physical characteristics
of real depth sensors.
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3.2.2 Taxonomy of Depth Sensor Simulation Methods

Depth sensors used in robotic and industrial contexts fall into four primary categories:
passive stereo, active stereo, time-of-flight (ToF), and structured light. Each type has dis-
tinct principles of depth acquisition and unique noise characteristics. Simulation meth-
ods aiming to reproduce their output must therefore take these properties into account.

Low-fidelity simulations typically generate depth maps directly from 3D geometry
using idealized rendering techniques. While efficient, these methods produce unrealistic
results that fail to replicate sensor-specific behavior, such as shadow-based occlusion or
pattern deformation. More advanced approaches simulate stereo disparity or ToF depth
using virtual sensors, but often still miss critical details like depth noise and missing val-
ues caused by material reflectivity or geometry. For structured light sensors in particular,
depth errors arise directly from projection and decoding processes, making it essential
to explicitly simulate the entire imaging pipeline rather than relying on post-processing
corrections.

3.2.3 Role of Physically-Based Rendering in Accuracy

Physically-based rendering (PBR) plays a critical role in improving the realism and ac-
curacy of synthetic depth images. Unlike rasterization-based rendering, PBR models the
actual light transport and material interaction processes, allowing for more accurate rep-
resentation of surface reflectance, shadowing, and interreflections—all of which impact
the quality of both RGB and depth outputs.

In the context of structured light simulation, PBR becomes especially important.
Gray-code structured light sensors reconstruct depth based on tiny changes in the re-
flected projection pattern. These distortions are sensitive to local surface properties and
occlusion effects. If the simulation does not model the exact optical projection and cap-
ture process, the resulting depth map will be too clean or geometrically idealized to be
useful in real-world applications. By using PBR engines like Blender Cycles with ray
tracing and denoising, it becomes possible to produce synthetic images that not only
look realistic but also behave statistically similar to actual sensor outputs—thereby pro-
viding a reliable basis for Sim2Real learning.

3.3 Physically-Based Simulation Framework

To generate realistic synthetic RGB-D data suitable for industrial perception tasks, we
build a physically-based structured light simulation framework as in Fig. 3.1. The pro-
posed framework consists of two main components: scene simulation and real-world
execution.

In the simulation stage, a physics engine is used to generate random object poses in
a bin-picking scenario, and a rendering engine produces projected images. Gray code
structured-light reconstruction is then applied to generate physically realistic depth im-
ages along with corresponding ground-truth annotations. These datasets are used for
sim-only perception model training and subsequent Sim2Real transfer learning. In the
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Figure 3.1: Sim2Real perception and grasping framework.

real-world stage, a structured-light camera captures point clouds and depth images of
the bin-picking scene. The captured data are fed into the sim-to-real perception model
for object pose estimation, which is then converted into grasp poses. Finally, the robot
executes the grasping tasks, achieving seamless integration from simulation to reality.

This pipeline integrates geometry sampling, material modeling, structured light en-
coding and decoding, and physically-accurate rendering via ray tracing. Compared with
traditional rasterization or domain randomization approaches, our framework better pre-
serves the physical interaction between projected patterns and object surfaces, producing
depth artifacts, occlusions, and shading effects closer to real-world observations.

The simulation consists of the following modules:

* Scene Construction: Objects are randomly sampled from a library and placed
under gravity to form realistic cluttered layouts.

* Material Assignment: Physically-defined surface properties, including rough-
ness, specular, and index of refraction, are assigned to each object based on real-
world measurements.

» Structured Light Projection: Gray-coded patterns are projected onto the scene
using a simulated projector with precise calibration parameters.

* Ray-Traced Rendering: A physically-based renderer (Blender Cycles with
NVIDIA OptiX backend) is used to trace the light paths from projector to surface
to camera, capturing accurate shadows, indirect lighting, and inter-reflections.

* Depth Recovery: A decoding algorithm reconstructs depth maps from the ren-
dered Gray code sequence, incorporating realistic decoding failures and depth
discontinuities.

* Annotation Generation: Ground-truth annotations such as segmentation masks,
object bounding boxes, instance IDs, and depth maps are automatically extracted
and aligned.
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This integrated system enables the generation of synthetic data that more accurately
reflect the optical phenomena observed in industrial 3D sensors, especially under com-
plex lighting, clutter, and occlusion.

3.3.1 Rendering Pipeline Using Ray-Tracing

Accurate simulation of structured light imaging requires faithful modeling of light trans-
port in complex 3D environments, especially under challenging conditions such as inter-
reflections, sharp occlusions, transparent surfaces, and specular materials. In this con-
text, we adopt a ray tracing—based rendering pipeline as the core of our synthetic data
generation framework.

Rasterization, while computationally efficient, fundamentally lacks the capacity to
trace light interactions beyond direct visibility. In typical rendering pipelines using ras-
terization (e.g., OpenGL/DirectX), lighting effects such as indirect illumination, light
bouncing, or secondary occlusions are either approximated or entirely ignored. More
critically for our case, rasterization cannot simulate how structured light patterns project,
scatter, and reflect across complex surfaces.

In structured light systems, the geometric relationship between the projector, scene,
and camera forms a critical optical triangle. Accurate simulation requires that light rays
emitted by the projector be traced as they interact with the scene—potentially reflecting
multiple times—before being captured by the camera. Raster methods cannot support
this multi-bounce transport, nor can they model soft shadows, specular highlight distor-
tion, or depth ambiguities caused by occlusions.

Ray tracing explicitly models the full path of light rays through the scene, enabling
precise rendering of:

* Projection distortions caused by surface curvature and occlusion edges

 Soft shadows and partial visibility at object boundaries

* Inter-reflections on glossy and metallic materials

* Structured pattern corruption due to indirect lighting or reflective interference

* Accurate depth ambiguity zones, especially near thin structures or depth disconti-
nuities

We employ Blender’s Cycles engine with the OptiX backend to ensure physically-
correct rendering. The projector is modeled as an active light emitter with user-defined
Gray code patterns, while the camera is a calibrated pinhole sensor capturing the
reflected patterns. This configuration allows the synthetic data to match real-world
noise distributions, including surface highlights, decoding ambiguity, and missing depth
zones—features that are critical for training robust depth-based perception models.
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3.3.2 Structured Light Pattern Projection Methodology

Structured light imaging is an active 3D reconstruction technique. Its core principle is
to project known encoded patterns onto the surface of an object using a projector, and
capture the resulting deformations of these patterns with a camera. By analyzing the
deformations together with the calibrated parameters of the camera—projector system,
the 3D geometry of the object surface can be accurately reconstructed. The structured
light pipeline typically consists of three main stages: (1) Pattern Generation, (2) Pattern
Decoding, and (3) Geometric Reconstruction.

Pattern Generation. To uniquely encode projector pixels along the horizontal axis,
we employ an n-bit Gray code sequence. Gray code is a binary encoding where con-
secutive codewords differ by only one bit. This property ensures that errors at stripe
boundaries do not propagate, which makes Gray code highly suitable for robust pattern
decoding in structured light systems. The recursive definition of an n-bit Gray code is
given by:

G(1) =0, 1],

G(n) = 9” G(n—l)l7 1 [ reverse(G(n_l))J (3.1)

TV
first half second half

Given n encoding bits, the total number of horizontal stripes is 2". Each bit corre-
sponds to one binary pattern image, such that stacking all n bit-planes yields a unique
binary code for each column of the projector. Formally, the ¢-th pattern image is defined
as:

Py(z,y) = 255 x b, ({;J) : (3.2)

where b;(k) € {0, 1} denotes the value of the i-th bit of the k-th Gray code. In addi-
tion to the binary stripe patterns, two auxiliary frames, Py, (all black) and P, ;. (all
white), are projected to provide reference measurements for reflectance normalization.

Camera-Projector Calibration. Accurate 3D reconstruction requires calibration of
both intrinsic and extrinsic parameters of the camera—projector pair. For the camera,
modeled as a pinhole system, the focal length in pixels can be derived from the field of
view (FOV) and image resolution (W, H) as:

W/2

fo= tan(FOV/2)’

fy = fam (33)

with the principal point located at the image center:

e =WJ/2, ¢,=H)2. (3.4)
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Thus, the camera intrinsic matrix is

f= 0 ¢
Ke=10 f, ¢ - (3.5)
0 0 1

The projector is modeled as an inverse camera, where the number of encoding stripes
determines its effective focal length. Assuming an encoding width of 2" and a scaling
factor s, we have

fr=2"s, c,=2"""1

Accordingly, the projector intrinsic matrix is

fr 0 ¢
K,=10 fp, cf- (3.6)
0 0 1

The relative pose between camera and projector is described by extrinsic parameters.
The rotation matrix R is constructed from Euler angles («, 3, ) with ZYX convention:

R = R.(y)Ry(8)Re (). 3.7)
The translation vector is defined as
t=[to, ty, t]".
The full projection matrix is then

M = K[R | ]. (3.8)

Image Acquisition and Normalization. During measurement, the projector sequen-
tially displays n Gray code patterns along with one black and one white frame. The
camera captures the scene under each projection, producing a sequence of images:

Li(u,v), i=0,1,...,n+1,

where (u,v) denotes pixel coordinates. Since surface reflectance and ambient illumina-
tion may distort intensity values, normalization is applied using black/white references:

Lpin (u, v) = min [;(u,v), Ipax(u,v) = max I;(u, v), (3.9

_f( ) Li(u,v) — Ipin(u, v)
AU, V) = .
[max(ua U) - [min(u7 U)

(3.10)
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Gray Code Decoding. Each normalized frame is binarized with a fixed threshold T’
(commonly 0.5) to recover bit values:

b, v) = Li(w,0) > T, 3.11)
0, otherwise.

The bits are combined into an integer Gray code value:

G(u,v) =Y bi(u,v)- 2", (3.12)

A lookup table is then used to map Gray codes to natural binary indices:

k = GrayTolndex(G(u,v)), wu, =k, wv,=w, (3.13)
where (u,, v,) denotes the corresponding projector pixel.
Geometric Reconstruction. With projector—camera correspondences established, 3D

reconstruction reduces to stereo triangulation. Each pixel pair (., v.) and (u,, v,) must
satisfy:

X X
te % r %
Sc |ve| = M, K Sp |vp| = M, K (3.14)
1 1
1 1

where M., M, are projection matrices, and s, s,, are scale factors. By eliminating these
unknowns, we obtain a linear system:

X
AlY| =b, (3.15)
A
where
mMip — UcM31 Mg — UM32 1113 — UIT33 UcTT34 — T4
A= Ma1 — VeM31 Moz — VeM3a Moz — UIMNaz |, b = VcTMizg — Moy
P11 — UpP31 P12 — UppP32 P13 — UpP33 UpP34 — P14

Solving this yields the 3D point (X, Y, Z). Depths outside a valid range are discarded
as outliers.

Discussion. The Gray-code structured-light pipeline presented here mirrors the oper-
ating principles of industrial 3D cameras. Starting from Gray code design, reflectance
normalization, bit-plane decoding, and projector—camera triangulation, the system pro-
duces dense depth maps and point clouds compatible with real-world devices. Its robust-
ness is enhanced by single-bit Gray transitions, normalization with reference frames, and
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masking invalid pixels. Reconstruction accuracy depends on code depth, baseline length,
and calibration quality. The modular architecture also enables fair benchmarking, hard-
ware replacement, ablation studies, and Sim-to-Real transfer, while leaving room for
advanced add-ons such as sub-pixel phase-shifting refinement or spatio-temporal filter-
ing.

3.4 Synthetic and Real-World Dataset Construction for
Sim2Real Evaluation

To support downstream perception tasks such as instance segmentation, object detec-
tion, and robotic grasping, we construct an RGB-D dataset composed of photorealistic
synthetic scenes and corresponding real-world scenes. This dataset is derived from our
proposed structured light simulation pipeline and serves as both a training and evalua-
tion benchmark for Sim2Real performance validation.

3.4.1 Object Database

Figure 3.2: Object Database. a) Metal Workpiece 1. b) Metal Circle Workpiece 2. ¢) Yel-
lowSaltCube for KIT object model database. d) HygieneSpray from KIT object model database.
e) Toothpaste from KIT object model database. f) The corresponding real objects.

As shown in Fig. 3.2, the object database used for both synthetic and real-world
data generation includes two dark gray metallic industrial parts sourced from real facto-
ries, and three common household objects selected from the public KIT object models
database [49]. These objects are representative of components frequently encountered in
pick-and-place tasks, including metallic items and everyday supermarket merchandise.
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The selection ensures that both industrial and household contexts are reflected in the
dataset. The physical objects are used not only for 3D mesh-based simulation but also
for real-world capture and testing.

3.4.2 Synthetic and Real-World Dataset Creation

Synthetic Dataset Generation Pipeline with Structure Light Projection I

Objects Database H

) ﬁ-
v I
(
o

Gray code decoding
to decimal

Physically Realistic
RGBD with annotation

Figure 3.3: Physically-based structured-light simulation and reconstruction pipeline.

To support domain adaptation and Sim2Real evaluations, we construct both a large-
scale synthetic dataset and a real-world dataset using the same set of five objects. The
synthetic dataset is generated via our proposed physically-based structured light simu-
lation pipeline, as illustrated in Fig. 3.3. In this pipeline, a physically-based rendering
engine first generates bin-picking scenes, where each scene contains a single object cat-
egory with multiple instances arranged in a bin-like environment. For industrial metal
parts, we simulate up to 255 instances per scene to capture high-density stacking condi-
tions, whereas for household objects from the KIT dataset, up to 10 instances are placed
in each bin to reflect lower-density scenarios.

During rendering, various gray code patterns are projected into the scene, simulat-
ing the operation of a structured-light camera system consisting of one projector and one
camera. These patterns serve as binary-coded images for subsequent 3D reconstruction.
The rendering process employs ray tracing to incorporate realistic lighting, shadows,
and material properties. The output of each scene includes RGB images, depth maps re-
constructed via the simulated structured-light process, ground-truth depth maps, object
poses, and instance segmentation masks. Our method also injects realistic structured-
light noise into the synthetic depth images, enhancing domain fidelity and enabling ro-
bust Sim2Real transfer.

In contrast, the real-world dataset is collected using an industrial structured light
camera under conditions closely matched to the synthetic scenes. For each object, we
record 100 real samples, with manually annotated masks and aligned camera parameters.
This pairing of synthetic and real data allows us to study Sim2Real transfer under con-
trolled settings. Additionally, for comparison, we generate a domain-randomized dataset
using Isaac Sim, varying object number, pose, lighting, and background textures.

3.4.3 Annotation Formats and Ground-Truth Generation

In our synthetic dataset, all annotations are automatically generated during the simula-
tion process, covering object poses, instance masks, 2D bounding boxes, and both ideal
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and reconstructed depth maps. The instance masks are stored using run-length encoding
(RLE), which not only ensures storage efficiency and compatibility with standard de-
tection and segmentation benchmarks, but also naturally supports complex shapes with
holes in the segmentation masks. Object poses are expressed in camera coordinates and
precisely aligned with the intrinsic and extrinsic parameters. The depth maps include
both the ground-truth geometric depth and the decoded structured light depth, enabling
direct performance comparison between different depth sources.

For the real-world dataset, instance masks are manually annotated and stored in poly-
gon format to facilitate editing and integration with common toolchains. To ensure con-
sistency in training and evaluation, all camera parameters and object IDs are strictly
aligned with the synthetic dataset, allowing direct assessment of perception model gen-
eralization across domains.

3.5 Experimental Evaluation

To evaluate the effectiveness of our proposed physically-based structured light simula-
tion pipeline, we conduct a series of experiments on object detection and instance seg-
mentation tasks. All models are trained using synthetic data generated by our pipeline
and tested on real-world datasets captured under consistent object and sensor configu-
rations. The evaluation emphasizes Sim2Real transfer performance, robustness to dif-
ferent input modalities, and the impact of rendering realism on downstream perception
accuracy. We also benchmark our approach against traditional domain randomization
strategies to verify its practical advantages in industrial applications.

3.5.1 Task Setup and Evaluation Metrics

We evaluate two vision tasks: object detection and instance segmentation. Models are
trained on synthetic data generated by our structured light simulation framework and
evaluated on real-world datasets for the same object set. For object detection, we adopt
YOLOV3 [90] and YOLOv7 [110]; for instance segmentation, SOLOv2 [114] is em-
ployed. These models offer a good balance of accuracy, deployment efficiency, and re-
producibility.

The evaluation primarily uses mean Average Precision (mAP) at IoU = 0.5, and
where applicable, we report IoU and mask accuracy. To quantify Sim2Real transfer-
ability, we analyze performance differences between synthetic validation results and
real-world testing outcomes. Performance is reported per object and per modality.

3.5.2 Object Detection and Instance Segmentation

We evaluate object detection and instance segmentation using YOLOv3 [90] and
SOLOV2 [114] trained exclusively on our synthetic structured-light dataset, without any
fine-tuning on real-world data. Table 3.1 summarizes the quantitative results on both
synthetic and real test sets, along with the Sim2Real gap. Average precision (AP) is
computed at Intersection over Union (IoU) as 0.50.
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Table 3.1: Quantitative evaluation results of object detection and instance segmentation.

. Object Detection (YOLOV3 [90]) | Instance Segmentation (SOLOV2 [114])

Object Input Type

Synthetic Real Gap Synthetic Real Gap

RGB 0.624 0.547 0.077 0.711 0.620 0.091

Metal Workpiece 1. Ground Truth Depth 0.613 0.527 0.086 0.692 0.557 0.135

Proposed Synthetic Depth 0.634 0.617 0.017 0.698 0.646 0.052

RGB 0.673 0.614 0.059 0.646 0.565 0.081

Metal Circle Workpiece 2. | Ground Truth Depth 0.662 0.633 0.029 0.636 0.544 0.092

Proposed Synthetic Depth 0.674 0.628 0.046 0.634 0.627 0.007

RGB 1.000 0.885 0.115 1.000 0.953 0.047

Toothpaste Ground Truth Depth 0.999 0.950 0.049 1.000 0.970 0.030

Proposed Synthetic Depth 1.000 0.980 0.020 1.000 0.979 0.021

RGB 1.000 0.826 0.174 1.000 0.621 0.379

YellowSaltCube Ground Truth Depth 0.996 0.678 0.318 0.998 0.802 0.196

Proposed Synthetic Depth 1.000 0.827 0.173 1.000 0.863 0.137

RGB 1.000 0.947 0.053 1.000 0.963 0.037

HygieneSpray Ground Truth Depth 0.999 0.797 0.202 1.000 0.875 0.125

Proposed Synthetic Depth 0.980 0.953 0.027 1.000 0.966 0.034

Instance Segmentation Object Detection Instance Segmentation Object Detection
a) Results with Gray Image Inputs with worse Performance

) | e

P P
o L
Instance Segmentation Object Detection

b) Results with Proposed Depth Image Inputs with better Performance

Figure 3.4: Qualitative visualization results in the real-world dataset using models trained on
our synthetic datasets: (a) gray image inputs; (b) proposed depth image inputs.

Overall, models trained with our proposed synthetic depth input outperform those
trained with RGB or ground-truth depth in most cases. For example, YOLOv3 [90] with
proposed synthetic depth achieves an IoU of 0.617 on Metal Workpiece 1, compared
to 0.547 for RGB and 0.527 for ground-truth depth. Similarly, SOLOv2 [114] with our
depth reaches 0.646 on the same object, reducing the Sim2Real gap from 0.091 (RGB)
to 0.052.

In high-clutter scenes such as YellowSaltCube, our method reduces the Sim2Real
gap from 0.379 (RGB) to 0.037, while maintaining perfect synthetic performance. These
results demonstrate that physically-based synthetic depth can provide both higher real-
world accuracy and smaller domain gaps compared to conventional inputs.

Fig. 3.4 illustrates the qualitative differences between models trained with gray im-
age inputs and those trained with our proposed depth image inputs. When tested on
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cluttered real-world scenes, the RGB-trained models exhibit segmentation leakage and
frequent missed detections, particularly for partially occluded or overlapping objects.
In contrast, our depth-trained models generate tighter bounding boxes and more accu-
rate instance masks, even in high-occlusion conditions. These observations align with
the quantitative results reported in Table 3.1, further confirming the robustness and
Sim2Real generalization capability of depth-guided models.

3.5.3 Domain Adaptation vs. Domain Randomization

Figure 3.5: Examples from the domain-randomized dataset generated using the Isaac Sim plat-
form.

To evaluate different data generation strategies, we compare our physically-based
simulation approach (domain adaptation) with a domain randomization approach im-
plemented in Isaac Sim. As illustrated in Fig. 3.5, both datasets use the same object set.
However, the randomized dataset introduces variations in background textures, object
counts, poses, and lighting conditions (in both intensity and color) without physically
grounded rendering, resulting in greater visual diversity but reduced physical consis-
tency.

Fig. 3.5 shows examples from the domain randomization dataset, where each param-
eter is randomized to increase variability. While this approach can expand the coverage
of visual appearances, it does not accurately model the physical imaging process. In con-
trast, our domain adaptation method leverages physically based rendering and structured
light simulation, ensuring geometric and photometric consistency with the real world.

We further evaluated both strategies using the YOLOv7 [110] model trained on RGB
and depth datasets derived from each approach. On the real-world test set for the Metal
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Workpiece 1 object, the domain adaptation-based RGB dataset achieved an IoU of 0.628,
while our proposed depth image dataset achieved an IoU of 0.648. Both results exceeded
the IoU of 0.584 obtained from the domain randomization-based RGB dataset. These
findings indicate that, in industrial grasping scenarios, typically static with consistent
lighting, the performance gains provided by domain adaptation surpass those achieved
through domain randomization.

In summary, utilizing depth images as input for deep learning perception tasks en-
hances model robustness, efficiency, and performance by providing a stable representa-
tion of 3D structure and facilitating shape and texture separation, while reducing sensi-
tivity to variations in lighting and surface appearance.

3.6 Robotic Grasping Experiments

To evaluate the real-world applicability of our structured-light-based synthetic percep-
tion pipeline, we integrate the trained models into robotic grasping systems. Two ex-
perimental setups are considered: one using a full model-based grasping pipeline, and
another following a half-model-based approach. These experiments validate the end-to-
end Sim2Real performance of our system, from perception to execution.

3.6.1 Model-based and Model-free Grasping Setup

Figure 3.6: Experimental setups for robotic grasping: (left) model-based approach; (right) half-
model-based approach.

As shown in Fig. 3.6, the model-based setup involves a Diana7 robot equipped with
a Photoneo L structured light camera, operating in a bin-picking scenario with densely
stacked metallic workpieces. The 3D CAD model of the target object is used to generate
grasp candidates through pose estimation and model-matching.

On the other hand, the model-free setup utilizes a URSe robot and a Photoneo M
camera, where only partial geometry or no CAD model is available. In this case, grasp-
ing relies on depth-based perception models trained on our synthetic data, combined
with learning-based grasp prediction methods such as Dex-Net 3.0 [70].
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3.6.2 Grasping Performance and Deployment Efficiency

By incorporating our Sim2Real visual model into the model-free grasping pipeline, we
observe a notable improvement in real-world performance. Using Dex-Net 3.0 as the
grasping backend, the success rate increases from 95.6% to 98.0%, showing that more
accurate instance segmentation and object localization reduce grasping ambiguity.

For the model-based setup, which traditionally requires time-consuming manual an-
notation for object detection training, our method shortens deployment time. The visual
model trained on synthetic depth data enables accurate detection without real-world
labeling, reducing development time from two weeks to two days. Additionally, the pre-
cision in detection boxes helps avoid oversized or undersized bounding boxes that could
affect pose estimation speed or grasp stability.

The experiments demonstrate that our structured light simulation pipeline provides
not only robust perception under domain shift, but also practical benefits in robotic task
success and engineering efficiency.

3.7 Discussion

Our results demonstrate that physically-based simulation of structured light imaging is
a viable and effective strategy to address the data scarcity and domain gap problems
that plague many real-world industrial vision applications. When synthetic depth data is
rendered with accurate light-material interaction and realistic sensor noise modeling, it
can serve as a strong alternative to manually annotated real-world data. This enables the
development of robust and scalable perception models while avoiding the costs of data
labeling or the complexity of extensive domain randomization.

One of the core insights of this work is that depth input contributes more significantly
to cross-domain generalization than RGB input, particularly in industrial settings. This
observation is consistent with practical challenges in robotic perception. In bin-picking
and part inspection tasks, metal components often exhibit specular or textureless sur-
faces, which makes it difficult for RGB-based detectors to extract stable features under
varying lighting conditions. In warehouse and retail product sorting scenarios, RGB-
based models are similarly affected by frequent appearance changes caused by promo-
tional campaigns or packaging updates, even though the physical shape of the products
remains unchanged. In both cases, reliance on RGB inputs introduces uncertainty and
brittleness into perception pipelines. By contrast, structured-light depth images empha-
size geometric structure and spatial consistency, leading to improved stability and better
transferability across domains.

Our proposed rendering pipeline explicitly simulates light-material interactions and
structured light projection with shadowing and occlusion modeling, which contributes
to better downstream performance than random scene generation approaches. Compared
to domain randomization, which focuses on creating diverse but physically inconsistent
appearances, our physics-based rendering shows smaller Sim2Real performance gaps
and more consistent behavior across object types. This supports the conclusion that fi-
delity in simulation is more impactful than variability when bridging the reality gap in
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industrial settings.

Despite its advantages, the proposed framework still has limitations. The ray-tracing-
based rendering process is computationally more expensive than rasterization-based
pipelines, which may hinder scalability in very large-scale dataset generation. Addition-
ally, our pipeline assumes known camera intrinsics and lacks integration with closed-
loop robot control or online calibration, which limits real-time adaptability.

Nevertheless, this work establishes a principled and modular foundation for syn-
thetic depth data generation in robotic perception. Future research will explore inte-
gration with feedback-driven systems, support for other sensor types such as ToF or
event cameras, and simulation of more diverse object materials and lighting interactions.
These efforts will help further close the Sim2Real gap and promote scalable deployment
of deep learning systems in industrial automation.
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Chapter 4

Robust Stereo Perception for
Transparent Objects

4.1 Research Motivation and Challenges in Transparent
Object Perception

Transparent objects, such as glass bottles, cups, and cosmetic containers, are common in
both domestic and logistics-oriented robotic applications. Their high transparency and
refractive surfaces severely impair the performance of conventional depth sensors (e.g.,
RGB-D cameras), resulting in ambiguous or missing depth information. As noted in
earlier research [67], standard imaging systems struggle to accurately capture the posi-
tion and surface geometry of such objects when light is unpredictably refracted through
them. For robots that depend on precise 3D perception, whether for household assistance
or warehouse sorting, this visual ambiguity caused by transparency can significantly de-
grade task performance.
The core challenges arise from two fundamental optical phenomena:

1. Refraction-induced disparity errors: Unlike opaque surfaces, transparent mate-
rials refract light from the background rather than reflecting incident rays, leading
to misleading stereo cues and conventional matching failures.

2. Weak structural and texture signals: Because the observed image combines
both object and background, there is a scarcity of reliable feature correspondence,
with no consistent edges, textures, or contrast, making traditional stereo or depth
completion models unreliable.

4.1.1 The Role of Depth Accuracy in Robotic Manipulation

In robotic manipulation, particularly in tasks involving dexterous grasping or tight-
clearance interactions, the accuracy of perceived depth is not merely a matter of visual
plausibility but the foundation for ensuring physical feasibility. Transparent objects pose
a particularly critical challenge in this regard. Owing to their refractive and often spec-
ular surfaces, even slight deviations in estimated geometry can propagate through the
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control pipeline and lead to execution failures. A depth error of only a few millimeters,
though imperceptible to humans, may result in unstable grasps, misaligned trajectories,
or even physical collisions, especially when the robot interacts with slender glassware
or nested containers.

The same precision requirements apply in structured industrial environments. In lo-
gistics or automated assembly lines, robots are expected to perform consistent and ef-
ficient pick-and-place operations. In such contexts, perception errors translate directly
into reduced throughput or mechanical faults. For transparent objects such as blister
packs, acrylic trays, or shrink-wrapped goods, conventional depth sensors often pro-
duce noisy or incomplete depth data, which can lead to misdetections or localization
drift. In multi-object scenes, these errors can cause significant downstream disruptions,
as grasp planning algorithms may select infeasible candidates and placement trajectories
may intersect with other objects.

Accurate perception of transparent objects therefore requires more than generating
visually plausible depth maps. It demands structurally faithful reconstruction that is both
metrically accurate and physically consistent. This involves capturing subtle cues such
as object boundaries, surface curvature, thickness gradients, and spatial continuity, even
in the absence of strong visual textures. Achieving such fidelity is particularly critical in
real-time robotic systems, where perception and control must operate in tightly coupled
loops without human intervention.

4.1.2 Dataset scarcity and simulation gap

High-quality depth datasets for transparent objects remain extremely limited and consti-
tute a major bottleneck for the development of perception models in transparent scenes.
Unlike opaque objects, transparent surfaces significantly interfere with structured light,
active infrared sensing, and stereo correspondence mechanisms, making real-world data
collection with RGB-D sensors unreliable. The resulting depth measurements often suf-
fer from severe noise, missing regions, and systematic biases, which prevent them from
serving as stable and accurate supervision for model training.

To circumvent the ambiguity of real-world depth annotations, many existing ap-
proaches rely on synthetic data generation. However, a large portion of current synthetic
transparent object datasets adopt simplified scene configurations and rendering assump-
tions, such as uniform or unrealistic backgrounds, restricted material variations, or the
use of explicit object segmentation as a prerequisite or post-processing step. While these
simplifications facilitate data generation, they introduce strong priors that limit scalabil-
ity and reduce the ability of trained models to generalize to complex real-world environ-
ments.

At the rendering level, different simulation strategies involve a clear trade-off be-
tween physical realism and computational efficiency. Physically based ray tracing can
accurately model refraction, reflection, and multi-path light transport, producing high-
fidelity renderings of transparent objects, but it incurs substantial computational cost that
hinders large-scale data generation. In contrast, rasterization-based rendering pipelines
are significantly faster and easier to deploy at scale, yet their limited ability to capture
complex optical effects often results in unrealistic depth cues for transparent surfaces.
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Consequently, for robotic perception systems intended for real-world deployment,
constructing synthetic datasets requires carefully balancing physical accuracy, gener-
ation efficiency, and dataset scale. If the resulting simulation gap is not properly ad-
dressed, models trained on synthetic data may exhibit degraded stability and reliability
when transferred to real-world scenarios.

4.1.3 Limitations of existing methods

Recent years have witnessed growing interest in transparent object perception, lead-
ing to a wide array of approaches ranging from hardware-based sensing enhancements
to learning-based depth reconstruction. Despite their respective technical merits, these
methods face fundamental limitations when considered for real-time deployment in
robotic manipulation systems

Hardware-centric solutions, such as those involving polarimetric cameras [48] or ac-
tive lighting setups, have demonstrated effectiveness in suppressing specular reflections
and enhancing surface reconstruction under controlled conditions. However, their de-
pendency on specialized sensors and calibrated lighting environments poses significant
barriers to scalability. The complexity, cost, and fragility of such setups render them im-
practical for many real-world applications where flexibility, robustness, and rapid adap-
tation are es

In the domain of learning-based methods, RGB-D depth completion networks, such
as [126] and the RGB-D Local Implicit Function framework [145], have been widely
explored as a way to estimate complete geometry from partially missing depth maps.
These approaches typically take as input the RGB and partial depth images captured
by consumer-grade RGB-D cameras, most notably Intel RealSense. The popularity of
RealSense in academia and prototyping environments has led to its extensive use as a
data source for training and evaluating depth completion models. Consequently, many
of these networks are tightly coupled with the structure, resolution, and noise character-
istics of RealSense-generated data.

While RealSense offers convenience and affordability, it is fundamentally ill-suited
for industrial use. Its depth images tend to be sparse and noisy, particularly in the
presence of transparent or reflective materials where the structured infrared light often
passes through the surface instead of returning reliable measurements. The performance
of RealSense sensors is also sensitive to temperature variation, and their calibration
may drift over time. Moreover, RealSense uses non-industrial communication interfaces
(e.g., USB), lacks robust physical housing, and does not comply with industrial stan-
dards regarding durability, EMI shielding, or real-time I/O. As a result, depth comple-
tion pipelines built on RealSense data are inherently incompatible with the deployment
needs of industrial robotic systems operating in safety-critical or high-throughput envi-
ronments.

Beyond RGB-D methods, stereo and multi-view approaches, such as stereo-based
pose estimation [15], MVTrans [115], and NeRF-style volumetric reconstruction [64,
27, 63], explicitly model view-dependent effects and scene geometry. These methods
can deliver high-fidelity results, but they often require dense camera arrays, precise
calibration, or expensive optimization procedures. NeRF and neural rendering—based
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methods, in particular, involve iterative volumetric sampling that is computationally in-
tensive and unsuitable for real-time robotic inference. Their latency, memory demands,
and offline nature make them difficult to integrate into reactive robotic control loops.

Deep stereo matching frameworks, including RAFT-stereo and cost-volume CNNss,
offer fast inference and have shown competitive performance in textured, opaque scenes.
Yet their reliance on photometric consistency for matching makes them fragile in trans-
parent regions where refraction violates brightness constancy. Without explicit modeling
of material properties or geometric priors, these networks struggle to infer meaningful
depth in cases of visual ambiguity.

Altogether, existing methods suffer from a range of interconnected limitations. Some
rely on controlled hardware environments that hinder scalability, while others assume
opaque, texture-rich scenes not representative of transparent object scenarios. Several
approaches depend on non-industrial sensors like RealSense, which limits their field ap-
plicability. Others lack structural reasoning and cannot cope with the physical ambiguity
caused by refraction. In addition, many solutions are designed for offline processing and
disregard the real-time constraints imposed by robotic systems. Addressing these limi-
tations calls for a structurally aware, sensor-agnostic, lightweight stereo model capable
of generalization from synthetic to real-world data. ClearDepth is proposed precisely to
bridge this gap.

4.1.4 Summary of challenges

In summary, the perception of transparent objects presents a distinct combination of
challenges that are rarely encountered in conventional robotic vision tasks.

1. Optical ambiguity in depth cues: Refraction and the blending of background in-
formation distort geometric measurements, leading to unreliable or missing depth
estimates.

2. Absence of consistent structural features: The scarcity of reliable edges, tex-
tures, and contrast severely limits correspondence estimation, particularly for
stereo and multi-view reconstruction.

3. Limited data availability and sim-to-real transferability: The lack of large-
scale, high-fidelity datasets, coupled with the domain gap between synthetic and
real-world data, constrains model generalization and robustness.

Addressing these challenges requires perception methods that jointly account for
optical physics, structural reasoning, and domain adaptation, while remaining suitable
for real-time robotic deployment.

4.2 System Architecture for Transparent Object Stereo
Perception

Transparent object scenes exhibit unique visual characteristics, such as light refraction,
reflection, and background penetration, which make it particularly challenging to accu-
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Figure 4.1: Overview of the proposed transparent object stereo reconstruction and robotic grasp-
ing system.

rately recognize transparent objects based on texture or local features. Since transparent
objects often lack well-defined surface textures and their appearance is heavily depen-
dent on background and environmental lighting conditions, their recognition relies more
on the integration of global shape cues and contextual information.

Compared to conventional Convolutional Neural Networks (CNNs), Vision Trans-
formers (ViTs) offer distinct advantages in processing transparent objects. CNNs operate
with local receptive fields and strong local inductive biases, making them prone to re-
lying on local features such as texture. This tendency proves ineffective for transparent
objects, where texture features are typically weak or even imperceptible [6]. ViTs, on
the other hand, are based on a global attention mechanism that enables them to capture
long-range dependencies and aggregate visual information across the entire image. This
allows ViTs to infer the contours and spatial structures of transparent objects more ef-
fectively [106]. Furthermore, due to their weaker inductive biases, ViTs are capable of
learning more flexible and generalized feature representations during training, beyond
local patterns. This capability is especially crucial for recognizing objects that depend
on global structures or non-local visual cues. Consequently, when dealing with the com-
plex optical properties and inherent visual ambiguities of transparent objects, ViTs tend
to exhibit more human-like perceptual behavior and achieve more accurate and stable
recognition results [56].

Conventional ViTs divide an input image into fixed-size patches and maintain a con-
sistent number and size of tokens across all layers, which restricts the model to learning
single-scale features. Pyramid ViTs, by contrast, progressively reduce the number of
tokens and increase the channel dimensions as the network deepens, forming a feature
pyramid structure akin to that of CNN-based Feature Pyramid Networks (FPN). This
hierarchical structure is better suited for tasks such as object detection, semantic seg-
mentation, and pose estimation, where recognizing objects at multiple scales is crucial.
The pyramid structure also enables output features to retain spatial hierarchy, facilitat-
ing integration with downstream modules such as FPN or Mask Head. In Pyramid ViTs,
early layers retain a larger number of tokens to preserve fine details, while later layers
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Figure 4.2: Our stereo depth recovery network for transparent objects.

reduce the spatial resolution through pooling or strided attention, significantly lowering
computational overhead. Moreover, this design enables processing of higher-resolution
images, which is particularly advantageous for tasks like stereo reconstruction that re-
quire high-resolution stereo imagery [122].

Our network architecture consists of two main components, namely a vision task
encoder and a subsequent feature fusion module. To facilitate deployment in real-world
engineering scenarios and to align with recent trends in foundation model design, we
adopt a heavier encoder together with a lightweight decoder. In addition, this section de-
scribes the process used to generate the synthetic dataset for model training. The overall
network architecture is illustrated in Fig. 4.2. Beyond the network itself, the complete
system pipeline, including synthetic data generation, transparent depth recovery, and
downstream robotic grasping experiments, is shown in Fig. 4.1. This figure provides
a system-level view of how the proposed perception model integrates with subsequent
manipulation tasks.

4.2.1 Cascaded Vision Transformer Backbone

The backbone network employed in our framework is based on the B5 configuration
of SegFormer [122], and is initiated with an overlap patch embedding strategy. This
design effectively preserves local structural information during the initial tokenization of
the input image. The embedded tokens are subsequently processed by four hierarchical
Transformer blocks, producing multi-scale feature maps at spatial resolutions of 1/4,
1/8, 1/16, and 1/32, respectively.

To improve computational efficiency, we incorporate an efficient self-attention
mechanism that reduces the original quadratic complexity O(N?) to O(fo) by applying
areduction ratio R. Specifically, the input sequence is reshaped from N -C' to % x(C-R)
using 2D convolutional layers with strides of 8, 4, 2, and 1 across the different Trans-
former stages, as shown in Equation 4.1. The sequence is then projected back to the
original channel dimension C' via a linear layer (Equation 4.2):
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K= Reshape(%, C-R)(K) 4.1)
K = Linear(C - R,C)(K) (4.2)

To further enhance robustness to varying input resolutions and avoid performance
degradation typically caused by interpolated positional embeddings in standard ViT ar-
chitectures, we adopt the Mix-FFN module. This module replaces absolute positional
encodings with learnable depth-wise convolutions, as described in Equation 4.3:

Xout — MLP(GELU(COHVgxg(MLP(Xm)))) + Xin (43)

Finally, feature maps generated at different scales are upsampled to a uniform res-
olution of 1/4 and concatenated. This aggregated feature map is then refined using a
1 x 1 convolutional layer to normalize channel dimensions, ensuring compatibility with
downstream fusion modules.

4.2.2 Structural Feature Post-Fusion

In this study, we design a modified GRU-based architecture tailored for coarse-to-fine
disparity refinement, with a particular focus on transparent object scenes. To address
the inherent challenges posed by transparent materials—such as ambiguous texture cues
and background interference caused by refraction—we introduce a structural post-fusion
mechanism into the recurrent update process. During empirical evaluation, we observed
that transparent object reconstruction demands greater reliance on precise structural in-
formation, whereas traditional dot-product-based similarity features, commonly effec-
tive for opaque objects, are often misleading in the presence of refractive distortions.

To remedy this, our model incorporates structural features extracted from the ref-
erence image at multiple levels—denoted as ¢, ¢, and ¢, —into the GRU recurrence
loop as residuals. These features help preserve structural consistency across iterations
and resolutions. The GRU update is governed by the following equations:

zy = [Cy, dg, Ck, Cr, Cp] 4.4)
2, = o(Conv([hg_1, 2], W) + cx), 4.5)
re = o(Conv([hg—1, 2], W) + ), (4.6)
hy = tanh(Conv([ry ® hy_1,x1], W) + cn), 4.7)
hi = (1 — 21,) © byt + 24 @ By, (4.8)

Here, x;, concatenates the correlation volume, disparity estimate, and structural cues.
These cues are vital for guiding the network in regions where appearance-based match-
ing fails due to transparency.
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To achieve high-resolution output in a computationally efficient manner, we adopt a
coarse-to-fine refinement strategy. GRU features are decoded at three scales to generate
incremental disparity updates:

Ady 1 = Decoder(hk@g), (4.9)
Adk’%6 = Decoder(hk%6 + Interp(Adké)), (4.10)
Adk’% = Decoder(h,ﬂ% + Interp(Ade%)), 4.11)

where Decoder consists of two convolutional layers and Interp denotes bilinear up-
sampling. The final disparity is updated as:

dji1 = dy, + Ady, (4.12)

In summary, our model leverages a structural-aware GRU framework and a
lightweight encoder-heavy decoder design. This enables robust performance on trans-
parent object stereo reconstruction while meeting the efficiency requirements of prac-
tical deployment in robotic systems. Visual comparisons in the experimental section
confirm the effectiveness of our method in handling transparent scenes.

4.2.3 Synthetic Dataset Generation

Recent advances in transparent object perception and 3D reconstruction have been sig-
nificantly supported by the availability of public datasets. While several real-world
datasets dedicated to transparent objects are already available in the community [31],
they often fall short in terms of data quality and practical utility. In Depth Anything
vl [130], both real and synthetic datasets were used for training to enhance general-
ization. However, in Depth Anything v2 [131], the authors shifted entirely to synthetic
data. This transition was motivated by the realization that even a small proportion of
real-world data, only 10%, can substantially impair performance due to sensor-induced
label noise, especially in depth estimation tasks. Furthermore, accurate annotation of
real scenes containing transparent objects is both labor-intensive and error-prone due
to frequent occlusions and complex interactions with the background. As a result, our
work prioritizes synthetic data as the core training resource.

To reduce the domain gap between synthetic and real-world data, we adopt
physically-based ray tracing to generate photorealistic images, with a particular focus on
accurately modeling light refraction in transparent materials. Although such physically
accurate rendering pipelines are computationally expensive, our approach is inspired by
recent acceleration techniques developed in the real-time graphics and gaming indus-
try. Specifically, we integrate NVIDIA OptiX’s Al-based denoising and deep-learning
super-resolution modules [23] into the rendering pipeline, allowing early termination of
Monte Carlo ray tracing while reconstructing high-quality images (Fig. 4.3).

Unlike game-oriented rendering systems that primarily optimize for perceptual real-
ism, our design explicitly prioritizes physically realistic data distributions that are crit-
ical for learning-based depth estimation. We therefore carefully adapt these learning-
based acceleration techniques to preserve physically meaningful image statistics, such
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Figure 4.3: Synthetic dataset generation pipeline with physically-based rendering and learning-
based acceleration.

as refraction, reflection, and shading consistency, rather than merely improving visual
appearance. This deliberate trade-off enables a substantial reduction in rendering cost,
decreasing the average generation time per sample from 12.77 seconds to 4.40 seconds,
while maintaining the physical plausibility required for robust generalization to real-
world transparent object scenarios.

Although existing synthetic datasets (e.g., [94, 145, 126, 40, 96, 26]) have made
strides in transparent object modeling, they are mostly restricted to simplified desktop
scenes. These settings fail to represent the complexity of real-world environments where
service or humanoid robots typically operate, such as kitchens, bedrooms, and offices.
Furthermore, many of these datasets require extensive pre- or post-processing, such as
foreground segmentation or background reconstruction, which limits their applicability
in end-to-end learning scenarios for embodied Al

Datasets that rely on HDRI panoramic backgrounds (e.g., [115]) offer visual vari-
ety but suffer from the lack of depth annotations in the background, introducing ambi-
guity during training and leading to poor generalization, especially in zero-shot infer-
ence. Another category of datasets emulates RealSense camera imaging (e.g., [26, 96]).
While these datasets can achieve a high degree of realism, they rely on time-consuming
pipelines that involve rendering RGB images, simulating infrared (IR) projections, and
generating noisy depth maps, making them inefficient for high-throughput data pro-
duction. Moreover, in real-world deployments, RealSense cameras are often operated
with scene-dependent settings of the IR emitter intensity and depth-related parameters,
which induce noticeable domain shifts in IR observations and depth noise characteris-
tics, thereby degrading the inference performance of models trained under fixed sim-
ulation configurations. In addition, different RealSense camera models employ funda-
mentally different IR projector designs and projection patterns, causing such simulation-
based approaches to be effective only for a specific camera model under carefully tuned
parameters. This strong dependency on both camera configuration and hardware signif-
icantly limits the generalization, scalability, and practical applicability of deep learning
models trained using these datasets.

To overcome these limitations, we introduce SynClearDepth, a purpose-built syn-
thetic dataset for accurate depth learning in transparent object scenarios. The dataset
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Figure 4.4: Synthetic and real transparent object sets used in SynClearDepth.

includes 16 carefully selected transparent objects comprising 10 everyday containers
(e.g., cups, spice jars) and 6 glass cosmetic products. These items are geometrically
similar, though not identical, to real objects used in evaluation, enhancing the diversity
and realism of experimental conditions.

In addition to the rendering pipeline design, we carefully construct a dedicated trans-
parent object database to support physically realistic data generation and fair evaluation.
As illustrated in Fig. 4.4, the synthetic object set used for data generation consists of
high-quality transparent assets modeled to capture diverse geometric profiles and mate-
rial properties commonly observed in daily-life containers and cosmetic products.

For evaluation, we intentionally select real-world objects that are geometrically
and functionally similar, but not identical, to the synthetic ones. This design choice
avoids trivial shape memorization and enables a more rigorous assessment of generaliza-
tion performance, ensuring that improvements stem from physically grounded learning
rather than overfitting to specific object instances.

For environment modeling, we curated 20 indoor scenes representative of real ser-
vice robot settings, including 6 bathrooms, 3 dining rooms, 5 kitchens, and 6 living
rooms. Each sample includes stereo RGB images at a resolution of 1280 x 720, ground-
truth depth maps, instance segmentation masks, and precise pose annotations for both
objects and cameras. To further improve diversity and robustness, we employed domain
randomization techniques, introducing variations in object types, quantities, spatial lay-
out, poses, lighting conditions, and camera viewpoints to ensure strong generalization
capability across varied indoor environments. The generated images in our dataset are
shown in Fig. 4.5.

4.3 Evaluation

We begin by pretraining our model on the CREStereo dataset [60] and the Scene Flow
dataset [74], both of which provide large-scale disparity supervision for opaque objects.
This stage helps establish a robust disparity estimation backbone. To adapt the network
to transparent object scenarios, we then conduct a fine-tuning phase using our proposed
SynClearDepth dataset, which focuses specifically on transparent object stereo recon-

54



4.3. Evaluation

Figure 4.5: Sample images from our SynClearDepth dataset.

struction. All experiments are conducted on a single NVIDIA RTX A6000 GPU with
a batch size of 8. The training process consists of 300,000 iterations. We employ the
AdamW optimizer with an initial learning rate of 0.0002. A warm-up strategy is applied
at the beginning of training, followed by a one-cycle learning rate schedule that grad-
ually reduces the learning rate to 0.0001 by the end of training. The input resolution is
standardized to 360 x 720 pixels. Importantly, the fine-tuning phase for transparent data
uses the same set of hyperparameters as the initial training on opaque data to ensure
consistency and controlled evaluation.

4.3.1 Stereo Matching Evaluation Metrics

To comprehensively evaluate the quality of disparity maps in stereo reconstruction, we
adopt a suite of widely used quantitative metrics, each capturing different aspects of
performance.

AvgErr (Average Error) This metric computes the mean absolute disparity error
across all valid pixels:

1 N
AvgErr = — ; |d; — d¥*|, (4.13)

where d; is the predicted disparity and dft is the ground truth. Lower values indicate
overall high accuracy and that the model closely matches the true disparities. Higher
values suggest systematic errors in the predicted disparity map, possibly due to poor
texture, occlusion, or transparency.
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RMS (Root Mean Square Error) RMS calculates the square root of the mean
squared disparity error:

N
RMS = Z (d; — dgt (4.14)
=1

Lower RMS signifies smaller deviations and fewer large errors, indicating both accuracy
and stability of predictions. Higher RMS may indicate the presence of large outliers or
noise in the disparity map.

Bad-z (%) These metrics report the percentage of pixels for which the disparity error
exceeds a fixed threshold, with commonly used values being 0.5, 1.0, 2.0, and 4.0 pix-
els. Lower Bad-x values (especially Bad-1.0 and Bad-2.0) indicate that the model main-
tains high precision across the image, with few large errors. Higher Bad-z percentages
mean a greater proportion of pixels with substantial disparity error, which is especially
problematic in regions with fine structure, occlusion, or transparency. For transparent
object scenes, high Bad-0.5 or Bad-1.0 often reflects the failure of local matching due
to missing or distorted texture cues. Together, these metrics provide a comprehensive
assessment of stereo matching performance, balancing both overall accuracy and the
frequency of large errors.

4.3.2 Ablation Study of Feature Post-Fusion Module

Table 4.1: Comparison of disparity map quality metrics for different methods.

Methods AvgErr RMS Bad0.5(%) Bad1.0(%) Bad2.0(%) Bad4.0(%)
w/o Fusion 6.90 15.48 43.34 29.63 21.52 16.62
Feature Fusion 2.64 8.59 27.23 16.87 11.28 7.72

To rigorously assess the contribution of our structural post-fusion module, we con-
ducted a series of targeted ablation experiments. These experiments were designed to
compare two variants of the model, one equipped with the proposed module and one
without, under identical training conditions using our transparent object dataset, Syn-
ClearDepth. Each configuration was trained for 100,000 steps to ensure sufficient con-
vergence.

The results, summarized in Tab. 4.1, clearly indicate that integrating the post-fusion
module leads to a notable improvement in performance, particularly in scenes involving
complex transparency and strong refraction effects. The module proves highly effec-
tive at preserving structural coherence and enhancing the fusion of critical contextual
cues, thereby enabling more accurate depth estimation and object delineation in chal-
lenging transparent environments. These findings underscore the module’s significance
in advancing the overall capability of stereo networks tailored for transparent materials.
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Table 4.2: Comparison with fine-tuned stereo SOTA methods on the transparent object dataset.

Methods AvgErr  RMS  bad 0.5 (%) bad 1.0 (%) bad?2.0(%) bad4.0 (%)
IGEV-Stereo [125] 2.0766 5.5301 58.9743 36.1270 19.9668 10.7771
DLNR [142] 3.0997 8.4269  28.1088 21.8442 16.4810 11.9046
Selective-IGEV [113] 1.2730 4.3365  34.8229 17.6288 9.5610 5.8707
RAFT-Stereo [67] 2.2450 8.8016  29.7356 17.4521 10.8350 6.2107
ClearDepth (ours) 2.1380 8.7282  24.7329 16.3178 9.8459 5.7600

RGB Left Image IGEV-Stereo Selective-IGEV RAFT-Stereo clearDepth

‘  \ l! l

Figure 4.6: Visualization results of our method compared with other SOTA stereo depth estima-
tion methods.

4.3.3 [Evaluation of Transparent Object Dataset

To comprehensively evaluate the effectiveness of our proposed method in the task of
stereo depth reconstruction for transparent objects, we fine-tuned our pre-trained model
on the custom-built SynClearDepth dataset, using the same training parameters as in the
pretraining phase. Additionally, we fine-tuned the baseline method RAFT-Stereo [67],
as well as several other advanced models that perform well on the Middlebury bench-
mark [95], under the same experimental conditions for fair comparison.

It is worth highlighting that many of the compared models feature significantly more
complex architectures and larger parameter counts than our approach. Some of them
rely on computationally expensive components such as cross-attention mechanisms or
multi-model ensembles, making them less feasible for real-time deployment in robotic
systems. In contrast, our model is designed with a lightweight and task-specific archi-
tecture, achieving comparable or superior performance while maintaining much lower
computational cost. Thanks to innovations in the image encoder and overall system op-
timization, our method is highly suitable for robotics. Furthermore, our TensorRT de-
ployment achieves real-time inference at 50 FPS on a standard consumer-grade NVIDIA
RTX A6000 GPU, which further underscores the practical deployability of our network.

As demonstrated by the quantitative results (Table 4.2) and visual comparisons
(Fig. 4.6), our method delivers sharper object boundaries, fewer depth estimation er-
rors, and more consistent structural reconstruction in transparent regions, highlighting
both its robustness and adaptability for stereo perception of transparent objects.

To evaluate the performance of our method on transparent object stereo depth esti-
mation, we conduct a comprehensive comparison against several state-of-the-art open-
source approaches on the transparent object validation set. In particular, Foundation-
Stereo [116], DEFOM-Stereo [44] claim to be capable of zero-shot generalization to
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Table 4.3: Quantitative comparison on the transparent object validation set (no fine-tuning for
baselines).

Methods AvgErr RMS Bad0.5(%) Bad1.0(%) Bad2.0(%) Bad4.0(%)
IGEV-Stereo [125] 26.8047 39.0820  0.968369 0.939858 0.890477 0.783732
DLNR [142] 26.5240 38.0410  0.962301 0.927577 0.865248 0.758555
Selective-IGEV [113] 23.8168 36.2975  0.959417 0.921393 0.854298 0.731494
RAFT-Stereo [67] 29.2919 39.2978  0.971589 0.946811 0.901663 0.821213

DEFOM-Stereo [44] 16.1635 25.8188  0.890889 0.792165 0.680660 0.550519
FoundationStereo [116]  8.8985 16.0874  0.891110 0.799528 0.668938 0.498191
ClearDepth (ours) 3.1084 6.9570 0.806759 0.631477 0.375651 0.153726

arbitrary scenes, including challenging transparent object scenarios, without additional
training. For fairness, we directly use their released models and evaluate them under
identical settings. All quantitative results are computed only on the foreground regions
of the scenes, i.e., the object areas, since the primary goal of our algorithm is to sup-
port robotic grasping. As shown in Table 4.3, our method significantly outperforms all
competitors across all metrics, achieving notably lower average error and RMS, as well
as the lowest bad-pixel rates under different thresholds. These results demonstrate that
our approach not only generalizes well to unseen transparent object scenes but also de-
livers substantial accuracy gains over existing zero-shot stereo methods that claim to be
universally applicable across diverse scenes.

We conducted three sets of qualitative experiments targeting representative chal-
lenges: comparisons against existing state of the art methods, evaluation against a NeRF
based depth estimation approach [40], and analysis of model robustness under varying
lighting conditions. As shown in Fig. 4.7, we compare ClearDepth with three leading
approaches: ClearGrasp [94], TransCG [31], and ASGrasp [96], across scenes involv-
ing both single transparent objects and complex multi object clutter. The input data is
collected using both ZED and RealSense stereo cameras. On the ZED inputs, Clear-
Grasp [94] produces relatively smooth backgrounds but fails to preserve sharp bound-
aries at object edges, often leading to depth discontinuities around transparent surfaces.
TransCG [31] suffers from pronounced geometric inconsistency, with fragmented ob-
ject contours and depth distortions that are particularly severe under occlusions. AS-
Grasp [96] demonstrates partial success in simpler scenes but fails to reconstruct accu-
rate geometry in cluttered setups, where depth collapse and indistinct object boundaries
are frequent. In contrast, ClearDepth consistently generates depth maps that are struc-
turally coherent and visually complete.

When test on RealSense images, where active infrared projection interferes with
transparent surface imaging, ClearDepth continues to produce stable depth estimations,
outperforming other methods that degrade under IR related noise. In Fig. 4.8, we fur-
ther compare ClearDepth with Dex-NeRF [40], a neural radiance field based method.
In a real world tabletop scene populated with various transparent materials and refer-
ence patterns, Dex-NeRF [40] suffers from blurry contours, ambiguous depth layer-
ing, and background noise, resulting in plausible but inaccurate geometry. In contrast,
ClearDepth captures sharp object boundaries and reconstructs clean background sur-
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Figure 4.7: Comparison with ClearGrasp [94], TransCG [31], and ASGrasp [96].

faces, highlighting the limitations of NeRF based volumetric rendering for transparent
materials.

To evaluate lighting robustness, we designed an experiment under three illumination
settings: low light, normal indoor light, and strong light with glare. As shown in Fig. 4.9,
ClearDepth maintains object recognizability and depth consistency across all conditions,
even when specular highlights or low contrast degrade most methods. These results
validate ClearDepth’s robustness and generalization under environmental uncertainties.

4.4 Robotic Experiments

To evaluate the performance of the proposed ClearDepth-based transparent object grasp-
ing pipeline, we conducted extensive real-world experiments and compared the re-
sults with state-of-the-art (SOTA) methods [31]. The experimental platform is shown
in Fig. 4.10, where a Diana 7 robotic arm equipped with a Robotiq 85 two-finger grip-
per was used for grasp execution. A ZED2 camera was mounted for depth sensing in
the robotic experiments, while additional cameras (RealSense D435 and ZED2) were
employed for visual comparisons. A diverse set of transparent and opaque objects was
used to evaluate both perception and grasping performance.
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Figure 4.8: Comparison with Dex-NeRF [40].

Figure 4.9: Performance under different lighting conditions.

As a baseline, we employed depth data obtained from the ZED2 camera for grasp
generation. The evaluation covered both single-object grasping and cluttered environ-
ments. Specifically, Level-1 (L1) scenes contained a mixture of transparent and opaque
objects, while Level-2 (L2) scenes consisted exclusively of fully transparent objects. For
each setting, we performed 150 grasping trials. The grasp success rate was computed
as the ratio of successful grasps to the total number of attempts. The quantitative re-
sults, summarized in Table 4.4, show that ClearDepth consistently outperforms all base-
line methods, achieving the highest grasp success rates across different levels of scene
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Figure 4.10: Experimental setup for transparent object grasping. The setup includes a Diana 7
robot with a Robotiq 85 gripper, a ZED2 camera for robotic experiments, and additional cameras
(ZED2, RealSense D435) for visual experiments.

Table 4.4: Real-world robotic grasping comparison experiments with SOTA methods for trans-
parent objects.

Grasp SR single (L1) cluttered (L1) single (L2) cluttered (L2)
ZED2 Camera 78% 63% 62% 58%
TransCG [31] 80% 70% 78% 67%
ClearDepth (ours) 98% 92% 98% 90%

and object complexity. Qualitative reconstruction and grasping results are presented in
Fig. 4.11, where ClearDepth demonstrates accurate depth recovery, reliable point cloud
reconstruction, and stable grasp candidate prediction, while baseline methods frequently
fail in transparent regions.

To better understand the limitations, we conducted a detailed failure case analysis.
Representative examples are illustrated in Fig. 4.12. The main cause of unsuccessful
grasps was inaccurate depth reconstruction, which directly impacted grasp planning and
execution. Two typical issues were identified: (1) missing reconstruction of transparent
regions, leading to unexpected collisions between the gripper and the object; and (2)
noisy depth points inside transparent regions, causing unreliable grasp candidate pre-
dictions. Additionally, occasional errors in grasp estimation could lead to finger-object
collisions or unstable grasps, resulting in object drops. The distribution of failure causes
across different methods (Fig. 4.13) clearly shows that ClearDepth substantially reduces
failures caused by depth reconstruction errors, thereby improving overall grasp robust-
ness.

To further validate the generality of our approach, we extended the experiments to
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Figure 4.11: Qualitative comparison of transparent object grasping using depth reconstruction
from ZED2, TransCG [31], and our ClearDepth. Grasp candidates are generated using GraspNet-
Baseline [30].

Grasping Noise Area Falied Depth Recovery Grasping Invisible Area
(Transparent Perception) (Transparent Perception) (Grasp Estimation)

Figure 4.12: Representative examples of grasping failures, including (left) noisy grasp areas
caused by transparent perception, (middle) failed depth recovery, and (right) grasping in invisible
regions due to estimation errors.

multi-fingered robotic grasping. A robotic arm equipped with a dexterous multi-fingered
robotic hand executed grasps planned by ClearDepth, following the grasp generation
pipeline of ContactDexNet [9]. In these experiments, ClearDepth achieved an average
grasp success rate of 86.2%, demonstrating that our method is not only effective for
parallel-jaw grasping but also generalizes well to dexterous manipulation tasks.
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Figure 4.13: Error distribution of baseline method, TransCG [31] and our ClearDepth. We com-
pare the proportions of total failures represented by different failure types.

4.5 Discussion and Future Work

Although this work demonstrates promising results in stereo reconstruction for transpar-
ent objects, several limitations remain. First, the diversity and coverage of publicly avail-
able stereo datasets in the open-source community are still insufficient, particularly for
specialized scenarios such as industrial bin-picking, reflective materials, and transparent
objects with mutual occlusion. This lack of representative data hinders the generaliza-
tion of stereo imaging models, especially in zero-shot settings. Therefore, continuously
expanding high-quality and task-specific datasets tailored to industrial and robotic ap-
plications will be of great long-term value.

Second, current high-fidelity simulation data generation still relies heavily on tra-
ditional offline renderers, which are often slow and computationally expensive. Future
work should explore high-performance real-time rendering techniques, especially those
leveraging Al-based acceleration to boost rendering efficiency and visual realism.

Moreover, robotic systems often operate under strict real-time constraints, which
limits the practicality of large and computationally heavy models. Reducing model size
and maintaining inference speed are therefore crucial. Techniques such as model dis-
tillation, architectural compression, and engineering optimization will be important to
ensure deployability without sacrificing performance.

Lastly, real-world robotic applications inevitably expose models to unforeseen cor-
ner cases, making rapid model adaptation essential. Building a lightweight and resource-
efficient training pipeline that enables fast updates and low-cost retraining is key to en-
suring long-term robustness and adaptability in dynamic deployment environments.
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Chapter 5

Zero-Shot Stereo Perception for
Robotic Manipulation

5.1 Research Motivation and Challenges for Zero-Shot
Stereo Perception

Zero-shot stereo imaging aims to generalize depth perception models to previously un-
seen scenes, object categories, and environmental conditions without additional fine-
tuning or task-specific annotations. While recent vision foundation models have demon-
strated strong zero-shot capabilities in tasks such as semantic segmentation and monoc-
ular depth estimation, extending these properties to stereo perception remains an open
and non-trivial challenge. Compared to monocular setups, stereo systems inherently
require precise geometric reasoning, reliable correspondence matching, and accurate
metric scale recovery. These requirements cannot be fully satisfied by monocular pri-
ors alone and are particularly sensitive to domain shifts in appearance, lighting, and
scene composition. For robotic manipulation, stereo perception further serves as a crit-
ical upstream component, where depth errors directly propagate to grasp planning and
execution. Consequently, a zero-shot stereo perception system must maintain stable per-
formance across a wide range of object materials, including both transparent and opaque
surfaces, as well as under diverse lighting conditions and cluttered environments. To ad-
dress these challenges, this work develops a zero-shot stereo perception framework that
explicitly prioritizes generalization preservation. Instead of relying on extensive task-
specific fine-tuning, we introduce minimal, low-rank adaptations to pre-trained foun-
dation models, enabling the system to adapt to stereo geometry while retaining broad
domain coverage. This design philosophy balances adaptability and stability, making
the proposed framework particularly suitable for deployment in real-world robotic ma-
nipulation scenarios.
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5.1.1 Limitations of Task-Specific Adaptation in Zero-Shot Stereo
Perception

Stereo depth estimation relies on the assumption of photometric consistency between
corresponding pixels across views. Reflective and refractive surfaces violate this as-
sumption by introducing view-dependent appearance changes, background distortion,
and light bending effects, which often lead to incorrect correspondences and unstable
depth estimates. Although our previous work, ClearDepth, demonstrates robust stereo
reconstruction for transparent objects by explicitly modeling such effects, it requires
fine-tuning on a dedicated transparent object dataset. As a result, its performance is op-
timized for a narrow subset of scenes and may degrade when deployed in environments
that differ from the training distribution. This specialization limits its applicability in
open-world robotic scenarios where object materials and configurations are highly di-
verse. A truly zero-shot stereo perception system must therefore address these optical
failure modes without relying on dataset-specific tuning. Instead, it should exhibit uni-
form depth recovery across reflective, refractive, and diffuse surfaces, while maintain-
ing consistent performance on standard opaque objects. This requirement motivates a
representation-preserving adaptation strategy that enhances robustness to optical distor-
tions without sacrificing generalization.

5.1.2 Generalization Gap and Catastrophic Forgetting

Fine-tuning foundation models for downstream tasks often introduces a significant gen-
eralization gap. Post-training datasets are typically orders of magnitude smaller and less
diverse than the data used during large-scale pre-training, leading to biased adaptations
that favor narrow distributions. This imbalance frequently results in catastrophic for-
getting, where task-specific optimization degrades performance on previously learned
domains. In robotic manipulation, this issue is particularly severe, as real-world envi-
ronments contain numerous corner cases, such as rare object geometries, unconventional
lighting, and partial occlusions, which are underrepresented in public datasets. Overfit-
ting to limited task data can therefore reduce robustness in precisely those scenarios
where reliability is most critical. Moreover, continually collecting new corner-case data
and re-training large models is computationally expensive and impractical for deployed
robotic systems. These constraints motivate the need for adaptation strategies that min-
imize parameter updates, preserve pre-trained knowledge, and enable efficient model
evolution without repeated full-scale retraining.

5.1.3 Affordance-Guided Multi-Finger Grasp Strategies

Human grasping behavior is inherently goal-oriented, with contact regions selected
based on intended interaction rather than geometry alone. Such intent-driven reason-
ing enables flexible adaptation to novel objects and tasks without explicit prior know-
ledge of object categories. Inspired by this principle, our framework integrates affor-
dance detection into the grasp planning pipeline to enhance zero-shot adaptability. By
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predicting pixel-wise affordance maps for a five-finger dexterous hand, the system as-
sociates regions of the perceived scene with functional interaction semantics. These af-
fordance cues are then used to filter and prioritize candidate grasps that align with the
intended task, such as handle-oriented grasps for pouring or surface grasps for clean-
ing. This affordance-guided mechanism enables diverse and context-aware multi-finger
grasp strategies without requiring object-specific or task-specific training. By operating
at an intent-level abstraction, the approach naturally supports generalization to unseen
objects and contributes to robust zero-shot manipulation performance.

5.1.4 Contributions and Paper Organization

We present StereoAnything, a zero-shot stereo perception framework for multi-finger
robotic manipulation that preserves pre-trained generalization by constraining task adap-
tation to a low-rank parameter space, thereby mitigating catastrophic forgetting during
post-pretraining adaptation. The main contributions of this work are summarized as fol-
lows:

1. A zero-shot stereo depth network built via LoRA-based adaptation of a monoc-
ular depth estimation foundation model, retaining broad domain coverage with
minimal additional resources;

2. An affordance-guided grasp planner that dynamically selects five-finger strategies
aligned with human intent;

3. A large-scale synthetic stereo dataset of transparent objects for training and eval-
uation;

4. Extensive quantitative and qualitative validation on public benchmarks and real
robots, demonstrating consistent zero-shot performance across diverse scenes.

5.2 Foundation Models and Zero-Shot Adaptation

Foundation models have revolutionized computer vision by pre-training massive image
encoders on diverse, large-scale datasets and then applying them zero-shot to down-
stream tasks. For instance, the Segment Anything Model (SAM) [54] was trained on the
SA-1B dataset (11 million images, 1 billion masks) to deliver prompt-driven segmen-
tation across unseen domains, while Depth Anything v2 [131] uses a DINOv2-Giant
backbone trained on 62 million images to generate pseudo-depth labels for monocular
depth estimation. However, both models incur prohibitive costs in terms of GPU-hours,
storage, and financial resources for pre-training and fine-tuning.

Several adaptation techniques have emerged to reduce this overhead. Feature-
freezing approaches keep the backbone fixed and train only lightweight heads or de-
coders [137, 136, 18, 47, 34], which lowers GPU memory needs but often fails to incor-
porate task-specific geometric priors. Delta-tuning methods, such as LoRA [38], insert
low-rank trainable adapters into transformer layers, enabling task shifts with only 1-5%

66



5.3. Method Overview of the Zero-Shot Stereo Grasping System

Scene Reconstruction Module (SRM) Point Cloud Grasp Generation Module (PCGG)

[/
i B Toned 55 Frozen
()

Correlation Pyramid il '
) M
X r\ R
L | W %)
¥ ~
a D FFH Grasping
& Network
i Depth2Pcd
Feature i
—
H Affordance Map for FFH
: - Affordance
Det
Context 0 v
Fe

ection
ontext Network  Five-Finger Grasping Affordance
eature. Predicted Depth Image Detection Module (FFGAD)

Figure 5.1: Overall architecture of StereoAnything.

of the original parameter count. Parallel strategies add small CNN branches alongside
the frozen encoder [134], [28, 19, 50, 109, 12], or employ token-level adapters within
the vision transformer [121]. For example, Q-Former [144] couples a frozen SAM en-
coder with a few learnable query tokens for few-shot segmentation.

Despite these advances, all existing adaptations focus on monocular tasks such as
classification, segmentation, or single-view depth, and none address zero-shot stereo
depth estimation, which requires precise geometric reasoning and multi-view fusion.
Moreover, naive fine-tuning of any large foundation component on limited stereo data
leads to catastrophic forgetting, erasing the model’s original zero-shot capabilities on
other domains. Our work extends delta-tuning into the stereo domain: by freezing the
DINOv2-Large encoder and inserting LoRA adapters only in high-level attention lay-
ers, we achieve zero-shot stereo depth recovery with minimal extra parameters, while
preserving the backbone’s broad pre-trained generalization and avoiding expensive re-
training of the full model.

5.3 Method Overview of the Zero-Shot Stereo Grasping
System

Fig. 5.1 illustrates the overall architecture of StereoAnything, which unifies three func-
tional modules to enable zero-shot stereo-based multi-finger grasp detection.

(1) Stereo Reconstruction Module (SRM). This module processes synchronized
left—right RGB pairs using a frozen foundation image encoder augmented with LoRA
adapters. A GRU-based refinement loop with structural feature fusion produces a dense
disparity map, which is converted to metric depth without requiring transparent-object-
specific fine-tuning.

(2) Point Cloud Grasp Generation Module (PCGG). The reconstructed depth is
transformed into a scene point cloud, which is then consumed by the grasp generation
network. This module samples and ranks collision-free grasp candidates for a five-finger
dexterous hand.

(3) Five-Finger Grasping Affordance Detection Module (FFGAD). To align
grasp planning with human intent and task context, this module predicts pixel-wise af-
fordance maps. The affordance cues are used to filter and prioritize the grasp proposals
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generated by PCGG.

By integrating these three components in a zero-shot manner, StereoAnything gen-
eralizes effectively across opaque, transparent, and reflective scenes without additional
task-specific training.

5.3.1 Zero-Shot Stereo Reconstruction Module (SRM)

During training, we freeze the pre-trained image encoder of a monocular foundation
model and inject trainable LoRA adapters into its attention layers. Instead of fine-tuning
the entire encoder, we jointly train only these adapters using both public stereo bench-
marks and our synthetic transparent object dataset. At inference, the full encoder (in-
cluding LoRA layers) processes synchronized RGB pairs to produce multi-scale fea-
ture maps. A correlation pyramid is built via dot-product similarities, and a lightweight
GRU iteratively updates a disparity map, fusing low-level structural features in each
loop. Finally, we convert the disparity to metric depth using known camera intrinsics
and baseline. This design retains broad generalization from pre-training while adapting
to transparent and mixed-material scenes with minimal additional parameters.

5.3.2 Point Cloud Grasp Generation Module (PCGG)

The PCGG module takes the reconstructed point cloud as input and first predicts a se-
mantic contact map via our CoSe-CVAE network, identifying potential fingertip contact
regions on object surfaces. Grasp candidates are then generated by optimizing fingertip-
to-contact distances under hand kinematic constraints. A PointNet++-based evaluator
scores each candidate for collision-free, high-quality contact. Finally, we perform SE(3)
interpolation—based trajectory planning for the five-finger hand. This pipeline produces
a diverse set of feasible grasps without task-specific training.

5.3.3 Five-Finger Grasping Affordance Detection Module (FF-
GAD)

FFGAD learns to predict pixel-wise affordance labels (e.g., Handle-Grasp, Support,
Wrap-Grasp) directly from depth images by training a SegFormer B3 model on syn-
thetic depth—affordance pairs rendered from the objects with annotated affordances in
the AffordPose dataset [43].

As shown in Fig. 5.2, the pipeline begins with the AffordPose object database, where
each 3D model is assigned functional grasping affordances according to the FFH tax-
onomy. From these annotated models, synthetic depth maps are generated together with
ground-truth affordance masks covering eight semantic regions: background, no-grasp,
handle-grasp, lever, press, pull, support, twist, and wrap-grasp. The right side of the
figure illustrates how FFGAD predicts affordance maps from depth inputs, effectively
highlighting task-relevant regions such as handles, supporting surfaces, or wrapping ar-
eas.
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Figure 5.2: Pipeline of the Five-Finger Grasping Affordance Detection Module (FFGAD).
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During training, each scene is composed of 2—4 randomly arranged objects; for every
scene, we render the depth map and its corresponding affordance mask to form paired
supervision. The SegFormer B3 backbone learns to associate structural depth cues with
affordance semantics across these diverse object configurations. At inference, FFGAD
takes as input the depth map produced by the Stereo Reconstruction Module (SRM), and
predicts a dense affordance map in which each pixel is assigned to one of the predefined
semantic regions.

Finally, we integrate this affordance prediction into grasp candidate selection.
Specifically, the grasp poses generated by PCGG are revisited and any candidate whose
fingertip contacts fall outside affordance regions consistent with the current task in-
tent is discarded (e.g., only handle pixels are considered valid for pouring tasks). This
affordance-based filtering introduces task-level semantics into multi-finger grasping, en-
abling the system to adapt to diverse manipulation goals without requiring per-object or
per-task retraining.

5.4 Implementation Details

5.4.1 Extending Foundation Models with LoRA

To adapt large-scale vision foundation models to stereo depth estimation while preserv-
ing their zero-shot generalization capability, we adopt a parameter-efficient adaptation
strategy based on Low-Rank Adaptation (LoRA). Rather than re-learning visual repre-
sentations, the core objective of this design is to introduce minimal task-specific flexibil-
ity under a frozen pre-trained encoder. This avoids representation drift and catastrophic
forgetting that often accompanies full fine-tuning, while improving robustness to chal-
lenging real-world scene distributions.

The image encoder from Depth Anything V2 [131] consists of a stack of Trans-
former blocks. For a given block, the self-attention operation is defined as

.
Attn(Q, K, V) = softmax (Qz ) V, (5.1)
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Figure 5.3: LoRA placement in encoder (transformer blocks 18-24).

where Q, K, and V denote the query, key, and value matrices, and d denotes the feature
dimension.

The query, key, and value matrices are obtained through linear projections of the
input token features X:

Q = XWQa
K =XWg, (5.2)
V =XW,,

where W, Wy, Wy, € R are the pre-trained full-rank projection matrices.

Instead of updating these full-rank matrices, LoRA parameterizes task-specific up-
dates in a low-rank subspace. For a given projection matrix W, the adapted weight is
defined as

W' =W+ AW, (5.3)
with
AW = BA, (5.4)

where A € R"™*? and B € R%*" are trainable low-rank matrices and r < d denotes
the adaptation rank. During training, the original weight matrix W remains frozen, and
only A and B are optimized.

Under this formulation, the number of trainable parameters introduced by LoRA
scales as O(2rd) per projection matrix, compared to O(d?) for full fine-tuning. This
enables efficient adaptation while largely preserving the semantic and geometric priors
learned during large-scale pre-training, thereby maintaining strong zero-shot general-
ization.

As illustrated in Fig. 5.3, we integrate LoRA modules into the self-attention layers
of Transformer blocks 18 through 24. This design follows a hierarchical representation
perspective. Deeper layers primarily encode high-level semantic context and long-range
geometric relationships that are directly relevant to stereo correspondence and depth
reasoning, making them suitable locations for limited task adaptation. In contrast, ear-
lier layers focus on low-level visual primitives such as edges and textures, which are

typically domain-invariant and therefore remain fully frozen to preserve broad general-
ization.

70



5.4. Implementation Details

Let Lgereo denote the stereo depth supervision loss computed from ground-truth dis-
parity or depth. The overall training objective optimizes only the LoRA parameters:

Hlil’l Lsterem (5 5)
{A,B}

while all original encoder parameters remain fixed. This constrained optimization en-
courages the model to adapt its high-level representations for stereo depth estimation
without disrupting the general visual knowledge inherited from foundation model pre-
training.

By restricting adaptation to a small subset of late-stage attention layers and param-
eterizing updates in a low-rank form, the proposed strategy achieves a balance between
task adaptability and representational stability. This allows the model to improve perfor-
mance on challenging real-world scenes while retaining the encoder’s zero-shot gener-
alization ability.

5.4.2 Synthetic Transparent Object Dataset Generation

Although Depth Anything V2 demonstrates strong zero-shot performance in general
monocular depth estimation, we observe that its predictions deteriorate significantly in
scenes involving transparent objects, particularly in robotic manipulation settings. This
limitation arises not from the model architecture or encoder itself but from the scarcity of
transparent objects in existing monocular depth training datasets. To retain the founda-
tion model’s zero-shot generalization in stereo vision while improving its performance
on this challenging corner case, we build upon the synthetic generation techniques used
in ClearDepth and construct a more diverse and comprehensive dataset focused on trans-
parent scenes. This dataset notably expands the variety of object materials, background
complexity, and the number of transparent objects per scene, thus better covering the
scenarios frequently encountered in real-world robot perception.

To address the scarcity of labeled stereo datasets for transparent object depth esti-
mation, we generate a synthetic dataset using a physically accurate rendering pipeline.
Transparent objects with varying materials (glass, plastic, frosted surfaces) are placed in
procedurally generated scenes using domain randomization. We render left-right stereo
pairs with perfect depth ground truth using ray-tracing, simulating real-world camera
intrinsics and baseline setups. The dataset includes over 100,000 stereo pairs, covering
a wide range of lighting, backgrounds, and object geometries, facilitating supervised
learning under controlled yet diverse conditions.

This dataset is designed as an extension and augmentation of the ClearDepth dataset,
incorporating significantly richer object diversity, more complex backgrounds, and a
higher proportion of multi-object scenes, which are critical for robust model generaliza-
tion and real-world applicability. In particular, it is constructed to explicitly complement
scenarios where ClearDepth exhibits suboptimal performance, such as densely cluttered
scenes and complex transparent object interactions. Moreover, the dataset generation
process is guided by representative failure cases and annotation limitations observed in
existing open-source datasets, enabling the synthesis of high-quality, densely labeled
stereo data that better aligns with the demands of real-world robotic perception. Fig. 5.4
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Figure 5.4: Examples of synthetic transparent object training data used in this work.

illustrates representative examples of the synthetic transparent object training data used
in this work. The dataset is constructed to cover multiple challenging transparent object
configurations, including scenes where multiple transparent objects are densely arranged
on a tabletop, scenes with a small number of transparent objects randomly placed in in-
door environments, and more complex indoor scenes containing multiple transparent
objects with severe occlusion or overlap. These diverse scene types are deliberately in-
cluded to complement the limitations observed in existing datasets such as ClearDepth
and to better reflect the visual complexity encountered in real-world robotic perception
tasks.

Furthermore, we introduce this transparent-object-focused dataset deliberately dur-
ing training because the frozen Depth Anything V2 encoder exhibits notably poor per-
formance in transparent object scenes. Since the pretraining of such foundation mod-
els lacks sufficient representation of transparency and refraction effects, our additional
dataset helps compensate for this domain gap and improves depth prediction accuracy
under these challenging conditions.

5.4.3 Affordance Detection and FFH Grasp Sample Generation

To validate the downstream applicability of our stereo depth prediction system in robotic
manipulation, we introduce an affordance-guided grasp filtering pipeline for a five-finger
dexterous hand (FFH). A SegFormer-based affordance segmentation network is em-
ployed to predict pixel-wise interaction categories, including Support, Handle-Grasp,
and Wrap-Grasp, from the estimated depth map. These affordance predictions are fur-
ther projected onto the three-dimensional point cloud reconstructed from stereo depth,
enabling the association of semantic interaction information with object surfaces in 3D
space.

For each detected object, the grasp generation module produces a diverse set of can-
didate grasps that cover multiple grasp types and finger configurations. Each candidate
grasp corresponds to a specific FFH pose and induces a unique set of finger-to-object
contact points in three-dimensional space. During inference, a filtering process is ap-
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plied to evaluate whether the predicted contact points of each grasp lie within the corre-
sponding affordance regions on the object surface and whether the intended grasp type is
consistent with the predicted interaction semantics. Only grasp candidates that are both
geometrically feasible and semantically compatible with the affordance predictions are
retained.

This affordance-aware filtering strategy improves the relevance and success rate of
downstream grasp execution by discarding grasps that are physically valid but seman-
tically inappropriate for the intended interaction. The remaining grasp candidates are
subsequently evaluated in physics-based simulation to verify reachability, contact sta-
bility, and overall task success.

5.5 Experimental Setup and Evaluation Protocol

5.5.1 Dataset and Training Configuration

Our stereo depth estimation network is trained end-to-end using a combination of two
public benchmarks (CREStereo and Scene Flow) and our synthetic transparent object
dataset (no-background tabletop, small-object indoor, and complex occluded indoor
scenes). CREStereo supplies over 40,000 ShapeNet-derived models rendered with di-
verse textures and real-image backgrounds; Scene Flow contributes 35,454 training pairs
(FlyingThings3D, Monkaa, Driving final/clean) plus 4,370 test pairs with dense ground-
truth disparity. For transparent scenarios, we created three validation splits focused on
transparent objects, reflective materials, and general indoor scenes, and additionally col-
lected a small real-world transparent/reflection test set.

Training is implemented in PyTorch on a single NVIDIA A6000 GPU. We freeze
the DINOvV2-Tiny encoder from Depth Anything V2 distilled student model (augmented
with LoRA adapters in the last attention blocks) and optimize only the disparity decoder
and adapter parameters. Optimization uses AdamW with gradient clipping to [-1, 1], a
one-cycle learning rate schedule peaking at 2 x 10~ (100 warm-up steps), and random
320x720 crops with standard stereo augmentations. The model is trained for 400,000
iterations at batch size 8, with 22 GRU refinement steps per training pass and 32 during
validation. In the comparative experiments, the fully fine-tuned version of the model
was trained on two H100 GPUs due to its high computational cost.

For affordance detection, we render 50 object meshes (5 categories x 10 each) from
AffordPose in scenes of 2—4 randomly placed items, producing depth—-mask pairs. A
SegFormer B3 is trained with AdamW (LR = 1.5 x 1074, batch 10, polynomial decay),
cross-entropy loss, and resize/flip/distort augmentations.

5.5.2 Robotic Grasping Evaluation Setup

As shown in Fig. 5.5, we assess grasping performance on two robotic configurations:
(1) an Agile Arnie-dual humanoid equipped with a DLR-HIT five-finger hand for ser-
vice tasks, and (2) a logistic sorting station with a Robotiq 85 antipodal gripper for
object handling. In the first scenario, ContactDexNet [140] generates multi-finger can-
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(a) Humanoid with DLR-HIT hand (b) Robotiq 85 antipodal gripper

Figure 5.5: Robotic configurations for grasping evaluation.

didate poses from the reconstructed point cloud, filters them via the affordance map,
and executes trajectories via SE(3) interpolation. In the second, GQCNN 4.0 [71] plans
antipodal grasps on transparent items.

For both setups, we design 20 distinct tabletop scenes, each containing 1-5 randomly
placed objects. Each scene undergoes 150 grasp trials, and we report success rate as
the ratio of successful lifts to total attempts. Failure cases are analyzed for collision,
fingertip slippage, or lack of force-closure.

5.6 Results and Analysis

5.6.1 Comparison with SOTA Stereo Models

We evaluated StereoAnything against SOTA stereo matching methods, including
Selective-IGEV [113], DLNR [142], IGEV-Stereo [125], and ClearDepth [3], across
three validation sets: transparent, reflective, and indoor scenes. The quantitative results
are summarized in Table 5.1. Although ClearDepth, which is fine-tuned on transpar-
ent objects, achieved the lowest disparity errors on the transparent set, StereoAnything
achieved comparable performance without any object-specific fine-tuning. On reflective
and indoor scenes, StereoAnything outperformed all baselines in both the bad-1.0 and
RMS metrics, demonstrating superior zero-shot generalization across diverse materials
and environments. As shown in Fig. 5.6, our method produces sharper disparity maps in
occluded regions and significantly reduces mismatches near specular highlights.

5.6.2 Baseline: Depth Anything V2 vs. StereoAnything

To evaluate the limitations of Depth Anything V2 and the effectiveness of our
StereoAnything model in handling transparent object scenes, we conducted experiments
on real-world data involving transparent materials. As shown in Fig. 5.7, we compared
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Figure 5.7: Comparison between monocular depth predictions from Depth Anything V2 and
stereo depth outputs from StereoAnything on transparent object scenes.
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the monocular depth predictions from Depth Anything V2 with the stereo depth out-
puts from StereoAnything. In scenes containing transparent objects, Depth Anything
V2 often produced incorrect depth estimates behind refractive surfaces, for example
predicting background depth as if there were no foreground obstruction. In contrast,
StereoAnything generated more accurate and continuous depth maps, even in cases of
severe occlusion and complex refraction.

These results demonstrate the improvements brought by our model over monocular
depth estimation baselines in challenging scenes. First, we inject geometric priors into
the stereo network via LoRA adapters, which enhances the model’s ability to handle
the depth ambiguities caused by transparency. Second, we introduce a large-scale syn-
thetic dataset focused on transparent objects, which significantly improves supervision
in difficult regions. Although acquiring real-world stereo data with ground truth depth
is challenging, our results show that by combining a monocular foundation model with
geometry-aware adaptation and targeted data augmentation, it is possible to achieve
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Table 5.1: Quantitative comparison with state-of-the-art algorithms across different scenarios

transparent object scenes

Methods AvgErr RMS bad0.5 bad1.0 bad2.0 bad4.0
Selective-IGEV [72]  2.2475 9.5405 473043 225444 9.8186  6.39%4
DLNR [73] 3.8759  12.0645 62.8922 29.0394 154108 10.8462
IGEV-Stereo [74] 23890 10.1936  46.6069 18.5314  9.2266  6.5963
ClearDepth [20] 2.1380 8.7282  24.7329 16.3178  9.8459 5.7600
Ours 0.9945  3.5853 28.1808 16.5258 10.5957  5.5717

reflective object scenes

Methods AvgErr RMS bad0.5 bad1.0 bad2.0 bad4.0
Selective-IGEV [72]  4.1978  14.7176  55.8128  30.4737 17.0952 10.9580
DLNR [73] 6.4431  20.6239 69.8387 339513 17.7701 15.3820
IGEV-Stereo [74] 3.8076  13.9845 54.8323 24.7586 11.6816  8.8984
ClearDepth [20] 43041 16.2131 18.4664 14.8962 11.7792  9.4394
Ours 1.3571 5.5539 30.5030 16.9322  9.9297  5.3029

indoor scenes

Methods AvgErr RMS bad0.5 bad1.0 bad2.0 bad4.0
Selective-IGEV [72]  1.2936 2.6167 37.1819 289914 21.2650  9.7053
DLNR [73] 17.8353  33.0150 72.7614 67.7402 63.2795 57.0967
IGEV-Stereo [74] 1.4266 2.8212  41.2824 325755 23.0272  9.5211
ClearDepth [20] 1.3186 43911 27.6281 19.0965 11.8810  5.6306
Ours 1.0364 2.3879  23.5261 13.6087 10.7121  8.3703

Table 5.2: Comparison with other foundation model image encoders on transparent object
scenes.

Encoder AvgErr RMS bad 0.5 bad1.0 bad2.0 bad4.0
TinyViT (SAM) 18.3955 26.4897 96.5526 93.1536 86.4317 74.2145
RepViT (SAM) 3.6071 13.7799 51.6111 34.5033 19.8542 10.6834

DINOvV2-ViT-L (Depth Anything V2) 0.9945  3.5853 28.1808 16.5258 10.5957 5.5717

robust zero-shot stereo depth estimation for transparent scenes, surpassing the perfor-
mance of purely monocular methods.

5.6.3 Foundation-Model Encoder Extension Study

To investigate how vision foundation models trained for different purposes transfer to
stereo depth estimation, we compared three frozen image encoders: DINOv2-Large
from Depth Anything V2 (pretrained for monocular depth estimation), SAM-Tiny ViT,
and SAM-RepViT (both pretrained for segmentation). During training, only the stereo
decoder and GRU modules were updated. The quantitative results are summarized in
Table 5.2. Under this frozen setting, Tiny ViT produced noisy depth maps with frequent
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Table 5.3: Validation results of ablation study for training methods.

Method Scenes EPE RMSE bad0.5 bad1.0 bad2.0 bad4.0
Full-Tuning Transparent 5.0106 10.8112 90.7635 81.7816 63.8780 35.1437
Frozen Encoder w/o LoRA Transparent 1.0290 4.1215 30.5056 16.6968 10.6174 5.5933
Ours (Frozen Encoder + LoRA) Transparent 0.9945 3.5853 28.1808 16.5258 10.5957 5.5717
Full-Tuning Reflective  5.0446 10.3309 86.7491 74.8941 55.2792 33.2216
Frozen Encoder w/o LoRA Reflective 1.4594 6.2511 34.1759 17.6190 9.9581  5.8059

Ours (Frozen Encoder + LoRA)  Reflective 1.3571 5.5539 30.5053 16.9322 9.9297 5.3029

mismatches, while RepViT, despite its cascaded design, failed to mitigate these errors
and exhibited artifacts similar to those of Tiny ViT.

It is important to emphasize that these shortcomings mainly stem from a mis-
match between the freezing strategy and the pretraining objective. TinyViT and RepViT
are typically used in segmentation frameworks where the encoder is frozen or nearly
frozen, making their features highly sensitive to semantic prompts and boundaries but
less adaptable to geometric and disparity cues. When kept completely frozen in our
stereo setting, they could not adapt to the requirements of depth reasoning. By con-
trast, DINOv2-Large, which had been extensively pretrained on monocular depth data
and thus already encodes strong geometric priors, aligns much better with the stereo
task even in a frozen state. This leads to significantly more accurate and artifact-free
reconstructions, especially in transparent and mixed-material scenes.

In summary, under a frozen-encoder configuration, the performance differences
are primarily determined by the compatibility between the pretraining objective and
the freezing strategy. The weaker results of TinyViT and RepViT arise from their
segmentation-oriented pretraining combined with the frozen transfer setting, rather than
inherent architectural limitations. If allowed moderate adaptation during fine-tuning,
segmentation backbones are expected to yield improved stereo depth performance.

5.6.4 Ablation Studies on Training Strategies and Iterative Infer-
ence Trade-offs

Our ablation study compared three training variants using the distilled Tiny encoder
from Depth Anything V2. As shown in Table 5.3, full fine-tuning of this encoder in an
end-to-end manner resulted in poor performance and clear catastrophic forgetting. This
is likely due to the limited size and diversity of our stereo datasets as well as the reduced
capacity of the encoder. Moreover, this variant required two H100 GPUs, making it
impractical.

Freezing the encoder without LoRA preserved its pre-trained capabilities for
opaque-object depth estimation and achieved only partial success on transparent ob-
jects, leaving overall performance slightly below our proposed approach. By contrast,
freezing the encoder while injecting lightweight LoRA adapters enabled targeted up-
dates of high-level features. This configuration maintained strong accuracy on opaque
scenes, delivered significant improvements on transparent objects, and avoided catas-
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trophic forgetting, all with minimal additional parameters.

We further examined the number of GRU refinement iterations. Increasing the itera-
tions steadily improved disparity accuracy, but gains beyond twelve loops were marginal
while inference time continued to rise. For robotic applications that demand real-time
response, twelve GRU iterations offer the best compromise between accuracy and pro-
cessing speed.

5.7 Conclusion and Discussion

This work introduced StereoAnything, a depth-aware perception framework that bridges
foundation models with transparent object manipulation in robotic systems. By insert-
ing LoRA-based geometric adapters into a frozen monocular encoder and training with
a large-scale, physically accurate synthetic dataset, our approach enables robust zero-
shot stereo depth estimation across opaque, transparent, and mixed-material scenes. The
resulting disparity maps not only achieve competitive benchmark performance but also
yield substantial improvements in downstream grasping tasks, including five-finger and
antipodal strategies. These findings demonstrate that combining foundation model pri-
ors with geometry-aware adaptation is an effective pathway toward generalizable robotic
perception.

Looking forward, several challenges remain. Current open-source stereo datasets are
limited in scale and diversity, restricting progress toward complex industrial and service-
robot scenarios. Sustainable model updates are another critical issue, as full fine-tuning
of large vision encoders is computationally prohibitive; incremental and online learning
strategies may provide a more efficient alternative. Finally, deploying such models on
embedded and edge platforms requires balancing compactness and versatility. Distilling
“micro-foundation” models that retain broad zero-shot capabilities while meeting real-
time latency and power constraints will be key to long-term robotic deployment in the
wild.
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Chapter 6

Collision-aware Sim2Real Robotic
Grasping of Fragile Objects

6.1 Research Motivation for Collision-aware Robotic
Grasping

6.1.1 Challenges in Grasping Fragile Fruit in Stacked Scenes

Grasping fragile fruits in stacked scenes presents significant challenges arising from
a combination of environmental complexity, object material properties, and stringent
industrial requirements. In real-world packing and sorting facilities, fruits are typically
densely arranged in bins or containers, leading to severe occlusions, frequent inter-object
contacts, and limited free space for safe approach trajectories [132, 17]. Such cluttered
configurations substantially increase the difficulty of reliable perception, collision-free
motion planning, and stable grasp execution.

Beyond environmental factors, fragile fruits exhibit physical characteristics that fur-
ther complicate robotic manipulation. Their irregular shapes, soft internal structures, and
smooth or slippery skins make them highly sensitive to contact forces [135, 100]. Even
minor deviations in grasp pose or contact location can cause bruising, surface scuffing,
or internal damage, which may not be immediately visible but can accelerate decay and
lead to significant product loss during storage and transportation. In commercial fruit
handling, bruise-induced degradation is one of the primary contributors to economic
loss, placing strict constraints on allowable contact forces and grasp stability.

Accurate perception plays a critical role in mitigating these risks. In stacked scenes,
depth estimation uncertainty, reflective or semi-transparent packaging, and dynamic in-
teractions between neighboring fruits often result in incomplete or noisy geometric ob-
servations [68]. These perception errors propagate directly into grasp planning and ex-
ecution, increasing the likelihood of unintended collisions, unstable contacts, or failed
picks. Moreover, the dynamic nature of fruit piles means that grasping one item can in-
duce motion in surrounding objects, further complicating collision avoidance and force
control.

As a result, grasping fragile fruits in stacked environments requires more than geo-
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metrically feasible grasp synthesis. It demands collision-aware perception and planning
strategies that explicitly reason about inter-object constraints, material fragility, and con-
tact safety. Such systems must jointly account for cluttered scene geometry, uncertainty
in visual sensing, and the delicate physical properties of the objects to achieve reliable,
damage-free manipulation in real-world industrial settings.

6.1.2 Limitations of Existing Robotic Grasping Methods

Despite substantial progress in robotic grasping, existing methods remain insufficient
for handling fragile fruits in stacked and cluttered environments. A key limitation lies
in the mismatch between common grasping assumptions and the realities of agricultural
scenes, where heavy occlusion, tight inter-object spacing, and sensing uncertainty are
pervasive.

Early analytical and model-based grasping approaches rely on accurate object geom-
etry and relatively clean observations, which are rarely available in stacked fruit scenar-
10s. Occlusions and partial views often lead to unreliable depth estimates and incomplete
object representations, causing grasp synthesis to fail when geometric assumptions are
violated [59]. Moreover, such methods typically focus on the target object in isolation
and struggle to reason about surrounding objects, frequently producing grasps that are
locally feasible but unsafe in dense stacks.

Learning-based grasping methods improve robustness by directly predicting grasp
poses from RGB-D images or point clouds, supported by large-scale datasets and bench-
marks. However, most existing datasets and training protocols primarily emphasize
grasp success on rigid objects and relatively uncluttered scenes [71, 72, 85, 30]. When
deployed in stacked fruit environments, these models often lack sufficient exposure
to the severe occlusion patterns and spatial constraints that characterize real agricul-
tural settings, limiting their reliability under heavy clutter. In these existing grasping
pipelines, collision-related constraints arising from neighboring objects are not suffi-
ciently incorporated during grasp generation. Grasp candidates are commonly produced
based on the local geometry of the target object, with limited consideration of how sur-
rounding fruits restrict approach directions and execution feasibility. In densely stacked
scenes, even minor unintended contacts during the approach phase can disturb nearby
objects, leading to cascading failures or unstable outcomes. As a result, grasps that ap-
pear valid in isolation often prove brittle when executed in real stacked environments.

Overall, these limitations indicate that existing robotic grasping techniques do not
adequately address the combined challenges of cluttered perception, inter-object con-
straints, and Sim2Real deployment in agricultural applications. This gap motivates
collision-aware grasping frameworks that explicitly reason about stacked scene struc-
ture and robust perception under real-world conditions.

6.2 Sim2Real Grasping Framework Design

The proposed robotic grasping framework, illustrated in Fig. 6.1, is designed for robust
manipulation of fragile fruits in cluttered and stacked environments, where collision
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Figure 6.1: Overview of the proposed Sim2Real grasping framework for fragile fruit manipula-
tion, including simulation-based training and real-world deployment.

avoidance is as critical as grasp success. To address these challenges while maintain-
ing Sim2Real transferability, the framework adopts a modular three-stage pipeline that
decouples perception, grasp reasoning, and execution.

In the first stage, stereo image pairs are captured and processed by CGFNet to re-
construct a dense depth map of the scene. Stereo-based depth perception is chosen to
provide reliable geometric cues under varying surface appearances without relying on
object segmentation. Based on local geometric features such as depth gradients and
edges, a set of force-closure-based grasp candidates is generated to ensure physical fea-
sibility.

In the second stage, the grasp candidates are evaluated by a neural grasp quality esti-
mator (PG-CNN), which predicts a quality score for each candidate. During simulation-
based training, each grasp is labeled not only by execution success but also by whe-
ther it results in collisions with neighboring fruits. This implicit supervision enables the
network to learn collision-aware grasp strategies directly from data, without requiring
explicit object models or collision checking at inference time.

In the final stage, the highest-scoring grasp is transformed from image coordinates
to the robot frame using hand—eye calibration and executed through motion planning.
By training the perception and grasp evaluation modules entirely in simulation and de-
ploying them unchanged in the physical system, the proposed framework achieves ef-
fective Sim2Real transfer while ensuring safe and reliable grasp execution in complex
real-world scenarios.

6.2.1 Grasp Pose Estimation Network: PG-CNN

To enable collision-aware grasp evaluation, this study proposes the PG-CNN (Peach
Grasping Convolutional Neural Network). The network takes cropped regions from the
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Figure 6.2: Overall architecture of the proposed PG-CNN.

depth map as input and outputs a grasp quality score ¢; € (—1, 1) for each candidate
pose to assist in final selection.

As shown in Fig. 6.2, the backbone of PG-CNN is based on EfficientNet-B1, con-
sisting of 7 MBConvBlock modules with kernel sizes of 3 x 3 or 5 x 5. These blocks are
enhanced with Squeeze-and-Excitation attention and Swish activation to capture multi-
scale features. The output is generated through pooling and fully connected layers.

Each grasp candidate G; = [u,v,0]T is used to crop a fixed-size region (e.g.,
200 x 200) from the depth map /pepn. The region includes both the grasp point and
its surrounding context to help the model perceive potential collisions.

Training data is generated in PyBullet, with each grasp labeled ¢; € (—1,1). A
successful grasp without collision is labeled ¢; = 1, while any failure or collision is
labeled §; = —1. This allows the model to implicitly learn the relationship between
grasp actions and environmental constraints.

To address class imbalance between positive and negative samples, we adopt a
weighted cross-entropy loss function:

N
L==> ¢um(Glogg +(1—q)log(l—q)),
=1

where N denotes the number of grasp candidates, and ¢,, is a weight factor dynamically
adjusted based on sample distribution.

During deployment, PG-CNN evaluates all grasp candidates and selects the one with
the highest score Gpizer = [u, v, 0]" for execution. Due to its lightweight architecture,
inference is completed within milliseconds, ensuring real-time performance.

6.2.2 Grasp Execution Pipeline

To avoid collisions in cluttered environments, we adopt a collision-aware grasp pose es-
timation network named PG-CNN. Grasp candidates G = {G1, G, ..., Gy} are sam-
pled from the depth image .+, following the force closure principle.
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First, Ipepn 1S preprocessed with normalization and filtering. Edge pixels p; and
their normals 77; are extracted to generate antipodal grasp pairs. The grasp angle « is
calculated as:

a = arccos(7; - 1), (6.1)
where 7; and 7i; denote the surface normals of the edge pixels. Pairs that satisfy the
antipodal condition are retained as valid grasp candidates. Each grasp is defined as

Gi = [u,v,0]", (6.2)

where (u, v) is the image center of the grasp and 6 the in-plane angle.

Each candidate region is cropped from the depth map and evaluated by PG-CNN,
which assigns a grasp quality score ¢; € (—1, 1). The network is trained using an adap-
tive weighted cross-entropy loss:

N
L==> ¢m(dlogg+(1—q)log(l—q)), (6.3)
=1

where §; € {—1,1} is the ground-truth label obtained from PyBullet simulation, and
®m 18 a dynamically adjusted weight to address label imbalance. During inference, the
grasp with the highest score is selected as

GPi:Bel = [U, v, G]T (64)

The selected grasp in pixel coordinates G p;,; is transformed into the robot base
frame pose G gopor fOr execution. The hand—eye calibration yields a 4 x 4 transformation:

Rcamera—sBase  tCamera—Base
TCamera—>Base - ¢ OT_>B ¢ 1—>B ) R e SO(S), t e R3. (65)

The pixel (u,v) is back-projected to camera coordinates with depth Ip,ip (u, v):

XCamera u

—1
Yeamera | = ]Depth (ua U) KCamera v, (6.6)
ZCamera 1

where Kcumera 18 the intrinsic matrix of the left stereo camera.
The 3D grasp point in camera frame G'¢gmerq 1S mapped to the robot base frame:

XRobot X camera
e e |
1 1
and the in-plane orientation is assigned as
yaw = 6. (6.8)
Thus, the final grasp pose in the robot base frame is:
G Robot = [XRobot, YRobot; ZRobot yaW]T, (6.9)

which is sent to Movelt! for motion planning and trajectory execution with the Franka
Panda arm.
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(a) Synthetic stereo pair (b) Real stereo pair

Figure 6.3: Stereo image examples from the PeachStereo dataset.

6.3 Sim2Real Dataset Construction

6.3.1 Synthetic Stereo Dataset: PeachStereo

To train the CGFNet depth estimation model, we construct the PeachStereo dataset using
the Blender simulator, which is specifically designed to support robust Sim2Real trans-
fer for stereo-based depth perception in cluttered fruit grasping scenarios. The dataset
emulates real-world sensor configurations by rendering synchronized stereo image pairs
along with their corresponding dense depth maps using two virtual cameras. All images
are generated at a resolution of 960 x 540, consistent with the real stereo camera setup
used in the physical system. Fig. 6.3(a) shows a representative synthetic stereo image
pair from the PeachStereo dataset, while Fig. 6.3(b) presents a corresponding real stereo
image pair captured by the physical system. Both examples consist solely of left and
right images.

To improve scene diversity and reduce overfitting to specific geometric arrange-
ments, extensive randomization is applied during data generation. This includes vari-
ations in the number of fruits, spatial layouts, stacking patterns, degrees of occlusion,
and illumination conditions. Such randomized scene configurations encourage the net-
work to learn depth cues that are invariant to appearance changes and clutter complexity,
which is critical for reliable deployment in real-world environments.

Each synthetic depth map Ipe,n is precisely aligned with its corresponding stereo
image pair (I, I) at the pixel level, forming supervised training triplets (I, Ir, Ipep)-
The availability of accurate dense depth ground truth enables effective supervision of the
CGFNet model and facilitates stable convergence during training.

6.3.2 Synthetic Grasping Dataset: PeachGrasp

PeachGrasp is a synthetic grasp annotation dataset constructed for training the PG-CNN
network. Generated in the PyBullet simulated environment, it begins with sampling
grasp candidates G; = [u,v,0]” on each depth map Ip.,, using edge-based heuris-
tics and force closure filtering. Each candidate is then executed in PyBullet to determine
grasp success and collision status.

Importantly, even if a grasp is mechanically successful, it is labeled as a negative
sample if any collision occurs. This design encourages the model to learn implicit colli-
sion avoidance. The dataset samples are structured as (Ipepen, G, Gi), Where ¢; € —1, 1
indicates grasp feasibility and safety.
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6.3.3 Transfer Learning Pipeline

To bridge the domain gap between simulation and reality, we adopt a pretraining—fine-
tuning transfer learning strategy. The CGFNet is first pretrained on the Scene Flow
dataset to capture generic stereo matching capabilities and then fine-tuned on Peach-
Stereo to adapt to the structural characteristics of cluttered fruit scenes. The PG-CNN is
trained from scratch using PeachGrasp, enabling it to learn to distinguish grasp safety
and feasibility in complex environments.

At deployment, both models are used with frozen weights, eliminating the need for
further fine-tuning on real data. This design ensures robust generalization even in the
absence of large-scale real-world annotations.

It is worth noting that acquiring high-quality stereo depth data in real-world settings
is extremely challenging. Obtaining ground-truth depth for every pixel with consumer-
grade depth cameras in real scenes is practically infeasible. In contrast, the PeachStereo
dataset provides densely aligned, error-controlled depth supervision at scale, which
greatly alleviates this issue.

For grasp policy training, the cost of collecting negative samples in real environ-
ments is even more prohibitive. Most failed grasps, particularly those involving unin-
tended collisions, can physically damage the fruit, leading to direct economic losses. It
is therefore impractical to deliberately acquire such failure cases from the real world.
Our method circumvents this limitation by simulating grasp executions and recording
collision outcomes in a physics-based environment, enabling the collection of rich neg-
ative samples without any physical harm.

In summary, our approach, which combines synthetic datasets with transfer learning,
not only addresses the difficulty of real data acquisition but also improves safety and
generalization in real-world deployments, all without incurring additional annotation or
material costs.

6.4 Experimental Evaluation

6.4.1 Collision-aware Grasp Pose Prediction in Simulation

To evaluate the performance of PG-CNN in simulation, we conducted both qualitative
visualization and quantitative benchmarking. As shown in Fig. 6.4, PG-CNN was tested
in both simulation and real-world-like setups. In Figs. 6.4(c) and 6.4(g), all sampled
grasp candidates conformed to the force closure principle, indicating the physical feasi-
bility of the sampling strategy.

The cropped depth images helped reduce background noise and allowed the model
to focus on critical regions around the grasp target. In Figs. 6.4(d) and 6.4(h), the grasp
pose with the highest predicted quality score was marked with a green check mark.
These recommended poses showed effective collision avoidance in stacked fruit config-
urations. In contrast, red cross marks indicated grasp poses with lower scores, which
were more likely to cause collision between the gripper and adjacent fruits. This quali-
tative analysis supports the model’s collision-awareness and validates the feasibility of
our Sim-to-Real transfer strategy.
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Figure 6.4: Visualization of sampled grasp candidates and PG-CNN predictions in simulation
and real-world-like setups.

Table 6.1: Grasping success rate in the physical world with different number of peaches.

Cause of Failure

Number of Peaches Attempts - - —— Success Rate
Perception Grasping Slip

1-5 70 0 1 3 66 94.29%
6-10 70 2 3 3 62 88.57%
11-15 70 3 2 5 60 85.71%
16-20 70 2 4 3 61 87.14%
Our Method 280 7 10 14 249 88.93%
Dex-Net 4.0 [71] 280 16 17 15 232 82.86%

For quantitative evaluation, we compared PG-CNN with three baselines: random
sampling (RS), Dex-Net 4.0 (DN), and GraspNet (GN). Table III reports the grasp suc-
cess rates under different quantities of fruit (ranging from 1 to 10 objects), where all
methods were applied to the same grasp candidate pool.

PG-CNN consistently achieved the best or second-best performance across all test
cases, with an average success rate of 93.45%. In comparison, Dex-Net 4.0 [71] and
GraspNet [30] achieved 87.15% and 89.65%, while random sampling yielded only
35.05%. Notably, when the size of the PeachGrasp training dataset was halved, PG-
CNN still maintained 93.15% success, highlighting its data efficiency and robustness.

As the number of objects increased, the task complexity rose due to tighter graspable
spaces and higher collision risk. Dex-Net and GraspNet tended to suggest grasps that led
to more frequent collisions, particularly in densely stacked scenes. In contrast, PG-CNN
remained stable, suggesting that it had learned implicit representations linking grasp
feasibility to environmental constraints.

In summary, PG-CNN achieves high prediction accuracy in simulation while demon-
strating strong collision-awareness and adaptability, validating its suitability for real-
world deployment.
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Figure 6.5: Visualization of predicted grasp poses overlaid on real depth images.
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6.4.2 Grasp Execution Results in Real-world Scenarios

To evaluate the real-world performance of the proposed grasping framework, we con-
ducted 280 grasp attempts under various object quantities and stacked configurations,
ranging from 1 to 20 peaches. The execution pipeline consists of perception, grasp
pose prediction, motion planning, and actuation. Fig. 6.5 visualizes the predicted grasp
poses overlaid on real depth images, where the inferred grasp configurations are directly
aligned with the perceived depth information to guide subsequent trajectory planning
and execution.

In general, the system achieved an average success rate of 89.29% (249/280). As
shown in Table 6.1, the grasp success rate decreased slightly as the number of objects
increased. In simpler scenes (1-5 peaches), the system reached 94.29% success. How-
ever, in more cluttered scenes (16-20 peaches), the success rate dropped to 87.14%,
reflecting the increased difficulty due to tighter collision-free space.

To analyze failure causes, we categorized them into three types: perception errors,
where PG-CNN predicted poses that led to potential collisions; execution errors, which
were due to positioning deviation during path execution; and slip, caused by insufficient
gripping force or fruit geometry during pick-and-place. Among the 31 failures, slip was
the most common (14 cases), followed by grasping (10) and perception (7). The primary
factor behind slippage was the limited holding stability of the two-finger pneumatic
gripper, especially when grasping fruit tips or stems with small diameters.

We further assessed robustness to fruit orientation. When the fruit tips pointed up-
ward, the success rate was 86.43%; when stems were lateral, the rate increased to
89.64%. This indicates the system maintained reliable grasp performance under moder-
ate object variation.

Compared with Dex-Net 4.0, our PG-CNN-based framework significantly reduced
failure due to collision. Specifically, perception-related failures dropped by 9 cases and
grasping-related failures by 7, resulting in an overall success rate of 89.29%, which
outperformed Dex-Net’s 82.86%. Although real-world performance was slightly lower
than simulation (93.45%) due to domain shift, gripper constraints, and sensor errors, the
results demonstrate strong generalization and deployment readiness of the system.

6.4.3 Failure Case Analysis

During real-world grasp execution, a total of 31 failure cases were recorded and cate-
gorized into three major types: slip, perception error, and grasping error. According to
Table 6.1, slip was the most frequent cause (14 cases), followed by grasping errors (10)
and perception errors (7). A detailed analysis of each failure type is presented below.
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Slip Failures. Slip occurred during both grasping and releasing phases, particularly
when the fruit tip pointed upward or when the stem region was thin. The pneumatic-
driven two-finger gripper used in this work has limited holding stability due to its de-
pendence on air pressure, contact geometry, and surface friction. Moreover, pneumatic
systems are inherently nonlinear, multivariable, and time-delayed, making precise force
control difficult. This hardware limitation explains the relatively high slip rate and high-
lights the need for improved gripper design.

Perception Errors. Perception errors refer to grasp poses predicted by PG-CNN that
led to collisions in the physical world. These errors typically occurred in scenes with oc-
clusions, overlapping fruits, or discontinuous depth edges. Although PG-CNN demon-
strated strong performance in simulation, the Sim-to-Real domain gap—caused by sen-
sor noise, specular reflections, or missing depth values—still impacted reliability. In-
corporating multimodal perception (e.g., RGB-Depth-Tactile) could further improve ro-
bustness.

Grasping Errors. Grasping errors were mainly caused by positional deviations dur-
ing trajectory execution, often due to hand-eye calibration inaccuracies or planning over-
shoot. Despite using Tsai-Lenz calibration and the Movelt! planner, accumulated errors
and redundancy in the kinematic chain could result in offset grasps. Future work may
explore visual servoing or online correction strategies to enhance execution fidelity.

6.5 Summary and Future Directions

This chapter has presented the implementation and evaluation of the proposed “Imag-
ing—Perception—Execution” grasping framework for fragile fruits in cluttered scenes.
By constructing two simulation datasets (PeachStereo and PeachGrasp) and leveraging
transfer learning for Sim-to-Real deployment, the system demonstrated strong robust-
ness and generalization. Extensive experiments validated the effectiveness of PG-CNN
in predicting safe grasp poses under varying densities, object types, and physical con-
figurations.

6.5.1 Strengths and Contributions

The major strengths and contributions of this work are summarized as follows:

1. Integrated grasping system for fragile object manipulation: The proposed
framework combines stereo-based perception, grasp quality prediction, and mo-
tion execution into a unified pipeline suitable for real-world deployment.

2. Collision-aware PG-CNN model: Trained with simulation data labeled for col-
lision outcomes, the model implicitly learns spatial constraints without requiring
explicit modeling of surrounding objects.
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3. High-quality synthetic datasets: The PeachStereo and PeachGrasp datasets ad-
dress the data scarcity problem in real-world scenes by providing annotated stereo
images and grasp samples with collision information.

4. Sim-to-Real generalization without real-data fine-tuning: Both CGFNet and
PG-CNN perform robustly on real-world scenes using frozen weights trained
solely on simulation data.

5. Cross-species generalization: The system maintains stable performance when
manipulating various previously unseen fruits with different shapes and sizes,
demonstrating practical applicability.

6.5.2 Discussion and Future Directions

While the proposed approach demonstrates encouraging performance, several aspects
provide opportunities for further extension and refinement in future studies.

1. Gripper design considerations: The present system employs a pneumatic-driven
rigid gripper, which is well-suited for the studied scenarios but offers limited force
modulation capabilities. Future work may investigate soft or hybrid gripper de-
signs with enveloping structures to further enhance grasp robustness and object
safety.

2. Control strategy extension: In this work, grasp execution is realized under an
open-loop control setting, which simplifies system integration and evaluation. In-
corporating tactile feedback and closed-loop force control is a promising direction
to improve adaptability in more dynamic or uncertain environments.

3. Perception modality expansion: The perception module primarily leverages
depth information, which provides efficient geometric cues for grasp reasoning.
Extending the framework to integrate complementary modalities such as RGB
images, tactile signals, and proprioceptive feedback could further improve robust-
ness under challenging sensing conditions.

4. Grasp reasoning beyond geometry: The current grasp strategy emphasizes
geometry-driven reasoning, which proves effective for collision-aware grasp gen-
eration. Future extensions may incorporate semantic and task-level information,
such as object categories or functional context, enabling more informed and task-
aware grasp decisions.

Overall, this work establishes a solid foundation for collision-aware grasp learning

and dataset construction, and offers a scalable framework that can be progressively ex-
tended toward more complex and intelligent agricultural manipulation tasks.
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Chapter 7

Conclusions and Outlook

7.1 Conclusion

This dissertation presented a comprehensive study of Sim2Real transfer in robotic per-
ception and manipulation, addressing four fundamental challenges: realistic data gener-
ation, transparent object reconstruction, fragile object grasping, and zero-shot general-
ization. These representative works span physics-based rendering, scene understanding,
and robotic grasp prediction, and together form a cohesive Sim2Real pipeline. The re-
search demonstrates the feasibility of transferring from simulation-driven modeling to
robust real-world perception and manipulation in robotics.

* A physically grounded framework for synthetic data generation in structured light
imaging was proposed. By explicitly modeling light—material interactions, struc-
tured shadows, and sensor noise, the pipeline produces depth maps with both high
fidelity and strong task relevance. These synthetic datasets significantly enhanced
Sim2Real generalization for detection and segmentation tasks, providing a scal-
able and reproducible alternative to costly manual annotation in industrial vision
applications.

* The challenge of transparent object reconstruction was addressed through a
stereo-vision method guided by physics-based priors. By incorporating principles
of light refraction and reflection into stereo matching, the method enabled physi-
cally plausible recovery of transparent geometries in both synthetic and real-world
scenes. This approach overcame the inherent limitations of conventional RGB-D
sensors, which often fail when confronted with transparent or reflective surfaces.

» Zero-shot 3D reconstruction was explored by combining a frozen vision back-
bone with a lightweight LoRA-based branch and task-specific decoder. This de-
sign retained the generalization capability of foundation models while adapting
efficiently to novel object categories. The approach demonstrated a data-efficient
paradigm for robotic 3D perception, showing that scalable adaptation can be
achieved without large-scale retraining.
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* A unified Sim2Real framework for fragile object grasping was developed, which
integrates 3D reconstruction, visual reasoning, and collision-aware grasp plan-
ning. The system was trained entirely in simulation under physical constraints
and then successfully deployed on real robotic hardware. Experimental results
verified its safety and reliability in handling delicate objects, where contact-rich
interactions demand precise perception and careful control.

Collectively, these contributions demonstrate that closing the Sim2Real gap requires
progress on multiple fronts, including data synthesis strategies, supervision design,
training objectives, and evaluation methodologies. An important observation across the
studies is that depth-based modalities consistently exhibit stronger performance than
purely RGB-based approaches in industrial domains. This advantage is particularly evi-
dent in scenarios where texture information is weak, such as metallic parts, or unstable,
as in the case of packaging materials. Geometry, therefore, emerges as a reliable percep-
tual anchor for robotic perception and manipulation, offering robustness against visual
ambiguity and environmental variability.

7.2 Discussion and Open Challenges

While this dissertation has made systematic progress in simulation-based data gener-
ation and Sim-to-Real transfer for robotic perception and manipulation, several open
challenges remain that point to promising directions for future research. These chal-
lenges relate to dataset coverage, computational efficiency, generalization strategies, and
the effective integration of synthetic and real data.

1. Dataset coverage for industrial-scale scenarios. In recent years, both synthetic
and real-world datasets for robotic perception have expanded rapidly and enabled
significant advances. However, many publicly available datasets primarily target
household objects or generic tabletop settings. Large-scale datasets tailored to in-
dustrial scenarios—such as bin-picking, manipulation of reflective or transparent
materials, and perception in densely cluttered warehouse environments—remain
comparatively underexplored. As a result, models trained on open-source bench-
marks may exhibit reduced robustness when applied to specialized industrial con-
ditions, for example when handling transparent packaging, specular metallic sur-
faces, or severe object occlusions. Expanding dataset coverage toward such chal-
lenging cases remains an important step toward broader industrial deployment.

2. Computational demands of physically grounded rendering. Physically realis-
tic rendering plays a critical role in generating high-quality synthetic depth data
by modeling light—-material interactions, sensor noise, and illumination effects.
However, such fidelity typically comes at the cost of high computational com-
plexity. Offline rendering engines, such as PBRT or Blender Cycles, can produce
highly accurate results but require substantial time and computational resources,
which limits scalability for large-scale dataset generation. This challenge moti-
vates future exploration of more efficient rendering strategies, including real-time
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approximations or learning-based acceleration methods, to balance physical accu-
racy with practical data generation efficiency.

3. Sensitivity of domain randomization strategies. Domain randomization has
proven to be an effective and flexible approach for improving Sim-to-Real trans-
fer by introducing variability during training. Nevertheless, its success depends
strongly on how well the randomized simulation space captures the variations
present in the real world. In practice, the design of randomization ranges for tex-
tures, lighting, and geometry is often heuristic and task-dependent, and theoretical
guarantees remain limited. When critical real-world factors are insufficiently rep-
resented, generalization performance may degrade. Developing more principled
or adaptive domain randomization strategies therefore remains an open research
direction.

4. Understanding the role of limited real data integration. Empirical results in
this dissertation, as well as in related work, indicate that incorporating a small
amount of real data during training can yield substantial performance improve-
ments. This observation suggests a promising path toward data-efficient Sim-to-
Real learning. However, the underlying mechanisms are not yet fully understood.
It remains an open question whether such gains arise from mitigating covariate
shift, anchoring learned representations to real-world statistics, or providing reg-
ularization against simulation-specific artifacts. Clarifying when, where, and how
small-scale real data should be integrated into training pipelines will be essential
for developing more principled and reliable hybrid learning frameworks.

7.3 Future Research Directions

Building on the limitations identified in this dissertation, several promising directions for
future research are outlined below. These directions aim to further advance the reliabil-
ity, efficiency, and generalization capability of Sim-to-Real transfer in robotic perception
and manipulation.

1. Continuous dataset generation for industrial applications. A key bottleneck
remains the insufficient availability of large-scale and task-specific datasets for
industrial robotics. Future work should focus on establishing pipelines for the con-
tinuous generation of simulation data that reflect real-world industrial scenarios,
including bin-picking under clutter, reflective materials, transparent packaging,
and objects with complex geometries or occlusions. Instead of static datasets, a
dynamic and expandable data generation framework would enable open-source
repositories to evolve in tandem with emerging application needs. This would en-
sure that foundation models trained on these datasets remain relevant, adaptable,
and deployable in real-world industrial contexts.

2. Acceleration and optimization of simulation pipelines. The high computational
cost of physically realistic rendering limits the scalability of dataset generation.
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Future work should therefore explore faster rendering strategies that balance phys-
ical fidelity with computational efficiency. This includes the development of Al-
accelerated differentiable rendering, neural radiance field (NeRF) based scene
synthesis, and real-time GPU ray tracing tailored to depth imaging. Such innova-
tions would make it possible to generate millions of physically realistic samples at
a fraction of the current cost, thereby enabling broader exploration of data-driven
methods without prohibitive time and resource constraints.

. Physically realistic modeling for multiple 3D sensors. Current simulation
pipelines are often tailored to a single depth sensing modality. However, real-
world robotics increasingly relies on a diverse set of 3D sensors, such as Intel Re-
alSense structured-light cameras, ZED stereo cameras, and time-of-flight sensors.
Future extensions should incorporate accurate sensor-specific models into simu-
lation frameworks, accounting for their unique noise profiles, optical distortions,
and measurement principles. This would support not only single-sensor training
but also cross-device generalization, where models trained on simulated data for
one sensor can robustly transfer to another without significant performance degra-
dation.

. Multi-modal adaptation and closed-loop integration. Robust robotic percep-
tion will require leveraging complementary sensory modalities beyond RGB
and depth. Future research should investigate domain adaptation techniques that
jointly exploit multi-modal inputs, such as surface normals, tactile feedback, and
event-based vision. Moreover, embedding simulation into closed-loop perception-
and-control pipelines will allow perception models to be optimized jointly with
action policies, ensuring that representations learned from synthetic data are di-
rectly aligned with downstream control performance. This closed-loop integration
will be crucial for deploying robots that operate reliably in dynamic and unstruc-
tured environments.

. Standardized synthetic dataset construction. In the long term, advanc-
ing general-purpose robot learning requires large-scale, standardized synthetic
datasets that are both physically grounded and richly annotated. Such datasets
should include multi-task labels for perception and manipulation, covering tasks
such as grasping, placing, tool use, deformable object handling, and long-horizon
manipulation. By establishing standardized protocols for dataset construction, an-
notation, and evaluation, the community can move towards reproducible bench-
marks that accelerate progress and foster collaboration across industrial and aca-
demic domains.

In conclusion, this dissertation establishes a principled framework for Sim-to-Real

transfer in robotic perception and manipulation. The proposed works demonstrate that
advances in simulation modeling, dataset design, and robust learning algorithms can sig-
nificantly narrow the gap between synthetic training and real-world deployment. Look-
ing forward, deeper synergy across data generation, multi-modal adaptation, and control
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integration will be essential for building robotic systems that are reliable, data-efficient,
and generalizable in real-world industrial and service scenarios.
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List of Abbreviations

Sim2Real Simulation to Reality

DR Domain Randomization

DA Domain Adaptation

DoLP Degree of Linear Polarimetric
AoLP Angle of Polarization

LWIR Long-ware Infrared

POV-Ray Persistence of Vision Raytracer
PMD-style Photonic Mixer Device—based
AMCW Amplitude-Modulated Continuous-Wave
MPI Multipath Interference

UDA Unsupervised Domain Adaptation
R2R Room-to-Room

VLN Vision-and-Language Navigation
SR Success Rate

3D Three-Dimensional

RGB Red, Green, Blue

RGB-D Red, Green, Blue + Depth

ViT Vision Transformer

LoRA Low-Rank Adaptation
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SOTA State of the Art

PBR Physically Based Rendering
GAN Generative Adversarial Network
LiDAR Light Detection and Ranging
Al Artificial Intelligence

GPU Graphics Processing Unit
CNN Convolutional Neural Network
GRU Gated Recurrent Unit

DoF Degrees of Freedom

6D Six Degrees of Freedom

ToF Time of Flight

CAD Computer-Aided Design

IoU Intersection over Union

mAP mean Average Precision

AP Average Precision

RLE Run-Length Encoding

DLP Digital Light Processing

FOV Field of View

FPN Feature Pyramid Network
FFN Feed-Forward Network

MLP Multi-Layer Perceptron
GELU Gaussian Error Linear Unit
IR Infrared

HDRI High Dynamic Range Image
FPS Frames Per Second

RMS Root Mean Square (Error)

AvgErr Average Error
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PCGG Point Cloud Grasp Generation

FFGAD Five-Finger Grasping Affordance Detection
FFH Five-Finger Hand

SRM Stereo Reconstruction Module

EPE End-Point Error

RMSE Root Mean Square Error

SE(3) Special Euclidean group in 3D

MBConv Mobile Inverted Bottleneck Convolution

SO(3) Special Orthogonal Group in 3D
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