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Abstract

Real-time 3D scene representation is a fundamental capability for robotic systems operating in
dynamic and resource-constrained environments. In this thesis, “real-time” refers to perception
and reconstruction pipelines operating under update latencies ranging from milliseconds to sec-
onds, depending on the level of representation fidelity and system interaction requirements. An
agent that cannot perceive the three-dimensional structure of its surroundings in a timely and ac-
curate manner inevitably operates with an incomplete and potentially misleading world model.
In teleoperation, insufficient timeliness leads to delayed and unsafe control; in autonomy, in-
sufficient fidelity undermines planning and obstacle avoidance. Despite its central importance,
existing 3D scene representation pipelines typically prioritise either responsiveness or visual
accuracy, rarely treating timeliness and fidelity as jointly coupled design objectives.

This thesis addresses this gap by developing a communication-aware framework for real-
time 3D scene representation that explicitly models and optimises the timeliness—fidelity trade-
off. The work begins with the design of an embodied, full-stack reconstruction system deployed
on a robotic platform, integrating teleoperation, deterministic pose recovery, and fast neural
scene optimisation for interactive scene updates. Building upon this system-level foundation,
a multi-camera sensing architecture with distributed edge—cloud computation is introduced to
study the temporal structure of networked perception under stochastic communication delays.

A mathematical model is formulated to link Age of Information (Aol) dynamics with 3D
reconstruction fidelity, enabling quantitative analysis of how delayed or stale updates affect
multi-view fusion and dynamic mapping. The resulting analysis characterises a frontier be-
tween freshness and representation quality, demonstrating that both periodic updates and naive
Aol minimisation can be suboptimal under realistic communication conditions.

Beyond this analysis, a task-oriented communication framework is proposed on the edge,
where the 3D scene representation scheduler is formulated as a reinforcement learning prob-
lem. The scheduler optimises task performance by jointly considering update timeliness, 3D
scene representation fidelity, and bandwidth constraints, while incorporating image semantic
information, camera extrinsics, and the age of information into the scheduling decision. To
better capture task relevance, a semantic-aware scheduling mechanism is introduced, enabling
the system to prioritise observations based on both visual content and temporal freshness. The

framework further investigates two scheduling strategies, namely ®-threshold and @-waiting
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policies, revealing their different impacts on multi-view consistency and information timeliness.
Experimental evaluations on multi-camera datasets and an outward-facing scene dataset demon-
strate consistent improvements over periodic and Aol-driven baselines, particularly in dynamic
environment scenarios where stale updates degrade mapping stability and excessive transmis-
sions waste resources. Saliency-based analysis further provides interpretability, revealing the
spatial and semantic cues influencing scheduling decisions.

Overall, this thesis establishes timeliness-aware 3D scene representation as a first-order sys-
tem design problem rather than a secondary implementation concern. By integrating embodied
acquisition, communication modelling, and task-driven scheduling, the work contributes a prin-

cipled foundation for scalable, adaptive, and communication-aware robotic perception systems.
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Chapter 1

Introduction

1.1 Research Motivation

1.1.1 Challenges in robotic 3D scene understanding

Real-time 3D scene representation is not merely a perception component but a structural pre-
requisite for stable robotic operation in dynamic environments. Throughout this thesis, robotic
teleoperation and embodied inspection are used primarily as representative application scenarios
that motivate the timeliness requirements of real-time 3D scene representation systems. The core
analysis and evaluation focus on communication-aware perception and scheduling behaviour
under controlled datasets and simulated transmission dynamics. In both teleoperation and au-
tonomous systems, decisions are executed against an internal world model whose validity de-
pends on two coupled properties: its geometric fidelity and its temporal freshness. When either
property deteriorates, the robot operates on an incomplete or outdated representation of reality,
leading to degraded control, unsafe interaction, or unstable planning.

These limitations become especially pronounced in dynamic environments, where the scene
evolves faster than traditional reconstruction algorithms can update. Delayed or stale informa-
tion can degrade human-robot interaction in teleoperated systems and destabilize planning and
control for autonomous platforms. As a result, understanding and quantifying the tradeoff be-
tween timeliness and fidelity is not just an academic interest, but a practical necessity for reliable
robotic operation.

The increasing availability of multi-camera setups, edge computing resources, and robot-
mounted sensing platforms creates an opportunity to revisit this tradeoff with a more integrated
perspective. Instead of treating perception, communication, and control as isolated components,
there is a need for a unified framework that captures their interdependencies. By addressing the
fundamental tension between reconstruction accuracy and update latency, this research aims to
push robotic 3D scene understanding toward systems that are both responsive and reliable under

real-world constraints.
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1.1.2 The timeliness-fidelity tradeoff in dynamic environments

The real-time performance of a 3D scene representation ensures that the robot acts on informa-
tion that reflects the current state of its surroundings, which is particularly critical for teleoper-
ated systems where delayed feedback directly diminishes operator control, stability, and safety.
High-fidelity 3D scene representation, on the other hand, provides the geometric accuracy and
structural completeness required for tasks such as precise manipulation, collision-free naviga-
tion, and meaningful scene interpretation. Without sufficient detail, the robot’s understanding of
its environment becomes coarse or misleading; without timeliness, even a high-quality recon-
struction becomes obsolete before it can be used.

The primary downstream motivation of the proposed framework is robotic telepresence and
teleoperation, where remote operators rely on continuously updated 3D scene representations to
maintain situational awareness and make effective decisions under communication and compu-
tation constraints. In such systems, stale or temporally inconsistent reconstructions may directly
degrade operator perception, inspection reliability, and remote interaction quality. Consequently,
the framework is particularly designed for perception-oriented robotic scenarios where maintain-
ing temporally relevant scene understanding is more critical than achieving ultra-low-latency
control-loop response.

However, achieving both speed and accuracy simultaneously is fundamentally challenging,
especially in dynamic environments. When objects, humans, or the robot itself are moving, the
scene evolves more rapidly than traditional reconstruction pipelines can update. As a result, the
system is constantly forced to choose between updating quickly with less processed data or de-
laying updates to compute a more detailed and consistent model. This tension is not incidental
but structural: any real-time 3D scene representation pipeline operating under bounded compu-
tation and communication resources must allocate limited budget between update frequency and
representation refinement.

In practice, this tradeoff affects every level of robotic perception. For teleoperation, slow or
highly processed reconstructions break the sense of real-time situational awareness, resulting in
poor human control and delayed corrective actions. For autonomous operation, latency-induced
inconsistencies in the world model propagate into planning and control algorithms, creating
navigation errors, unstable trajectories, or incorrect decisions in rapidly changing scenes. Even
small delays can accumulate into significant deviations when robots must make high-frequency
decisions or operate in close proximity to obstacles. In teleoperation scenarios, delays on the
order of tens to hundreds of milliseconds may already degrade operator responsiveness and
situational awareness. In the communication-aware multi-camera settings studied in this thesis,
temporal inconsistency primarily arises from stochastic transmission delays and asynchronous

sensor updates, which lead to stale observations across distributed camera streams.
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1.2 Problem Definition and Research Questions

The central hypothesis of this thesis is that timeliness and fidelity should not be treated as sec-
ondary implementation concerns, but as first-order design variables in robotic perception sys-
tems. The core research problem is therefore to determine how sensing, communication, and
reconstruction policies can be jointly designed such that the resulting world model remains both
temporally relevant and structurally reliable under resource constraints.

Formally, the problem can be expressed as determining when and how sensor data should be
transmitted and integrated into the reconstruction pipeline to maintain an accurate and up-to-date
scene representation under limited resources. This includes modeling the relationship between
update latency, scene dynamics, and reconstruction error, as well as designing mechanisms that
enable the system to adapt its behavior according to task demands and environmental conditions.

Based on this formulation, the research is guided by the following questions:

* How can timeliness and fidelity be jointly characterized and quantified for real-time 3D

scene representations in robotic systems?

* How can sensing, communication, and real-time 3D scene representation be coordinated

to achieve task-relevant performance rather than raw visual fidelity alone?

» Can adaptive, learning-based scheduling improve the efficiency and reliability of multi-

camera 3D scene representation compared to periodic or Aol-driven baselines?

Addressing these questions provides a structured path toward a system capable of navigating the
practical constraints of real-time robotic perception while maintaining the scene quality required

for stable teleoperation and autonomous decision-making.

1.3 Research Scope and Framework Overview

This thesis focuses on the design and analysis of a robotic-based real-time 3D scene represen-
tation framework that operates across both teleoperation and autonomous modes. The scope
is deliberately centered on the end-to-end pipeline—from sensing and communication to re-
construction and decision-making—because the timeliness—fidelity tradeoff emerges from the
interaction of these components rather than any single module in isolation.

Throughout this thesis, several related but distinct terms are used to describe different as-
pects of 3D scene representation performance. “Fidelity” refers to the visual and perceptual
quality of the reconstructed scene representation relative to the underlying environment, typi-
cally measured using metrics such as PSNR, SSIM, and LPIPS, which are formally introduced
in Section 5.3.4. In contrast, “accuracy” refers more specifically to geometric or photometric

correctness with respect to ground-truth observations or scene structure. Similarly, “temporal
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freshness” describes how recently an observation was generated relative to its usage time, and is
primarily quantified using Age of Information (Aol). This differs from “latency,” which refers
to the communication or processing delay experienced during transmission or reconstruction.
Finally, “structural reliability” refers to the consistency and stability of reconstructed geometric
or perceptual structures across viewpoints and time, particularly under asynchronous or stale
multi-view observations.

The overall framework considered throughout this thesis consists of three tightly coupled
components: embodied sensing and 3D scene acquisition, communication-aware observation
transmission, and timeliness-aware scene representation and scheduling. While these compo-
nents are investigated under different assumptions and levels of abstraction in different chapters,
they should be interpreted as progressively connected parts of a unified robotic perception frame-
work rather than independent systems. In particular, Chapter 4 focuses on an embodied robotic
implementation for interactive 3D scene acquisition and reconstruction, where teleoperation
and active viewpoint selection are studied within a practical robotic inspection setting. Build-
ing upon this embodied context, Chapters 5 and 6 abstract the system toward communication-
aware multi-sensor perception models in order to analyse the timeliness—fidelity tradeoff under
controlled and reproducible communication dynamics. Chapter 5 studies the fundamental re-
lationship between observation freshness and reconstruction fidelity under stochastic sensing
and transmission delays, while Chapter 6 further extends the framework toward burst-aware and
task-oriented scheduling strategies under more heterogeneous sensing conditions. Consequently,
the robotic teleoperation and embodied inspection scenarios considered throughout this thesis
should primarily be interpreted as motivating application contexts for timeliness-aware 3D per-
ception and communication-aware scene representation, rather than fully deployment-optimised
end-to-end robotic products.

The framework integrates a camera-based perception system, an edge—cloud computational
architecture, and a mobile robotic platform capable of switching between human-in-the-loop and
autonomous control. In teleoperation mode, the system prioritizes immediate situational aware-
ness to ensure responsive and stable human control. In autonomous mode, the robot learns from
human preferences and executes tasks without direct human oversight. This dual-mode design
allows the same reconstruction pipeline to be examined under two fundamentally different op-
erational requirements, exposing complementary constraints on timeliness and fidelity.

A major focus of the framework is its distributed architecture: visual data are captured on-
board, processed at the edge, and optionally transmitted to remote operators or cloud resources
depending on task demands. This edge—cloud collaboration enables scalability but introduces
communication delays that directly affect reconstruction timeliness. By embedding these con-
straints into the system design, the framework provides a realistic platform for analyzing how
sensing, communication, and computation jointly determine the achievable performance.

Overall, the scope of this research is to establish a unified perspective that connects robotic
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perception, real-time 3D reconstruction, teleoperation, autonomous navigation, and networked
edge-compute systems. This integrated viewpoint forms the basis for subsequent theoretical

modeling and algorithmic development targeting the timeliness—fidelity balance.

1.4 Key Contributions

This thesis makes the following contributions:

* An embodied robotic platform for real-time 3D scene representation and active view-
point planning. A full-stack monocam robotic perception system that integrates data
acquisition, deterministic pose recovery, and real-time neural scene reconstruction within
an edge—cloud architecture. The platform enables closed-loop integration between robotic
sensing and scene reconstruction, and further supports active viewpoint planning strategies
such as next-best-view optimization based on reinforcement learning and human feed-
back.

* Formalisation and analysis of the timeliness—fidelity tradeoff. A mathematical model
linking Age of Information dynamics with reconstruction quality metrics, enabling quan-
titative characterisation of how stochastic communication delays influence multi-view fu-

sion and dynamic mapping performance.

* A task-oriented adaptive communication strategy. A reinforcement learning-based
scheduler that selects when and what sensor data to transmit by optimising downstream
task performance rather than reconstruction fidelity alone, demonstrating measurable gains

over periodic and Aol-driven baselines.

1.5 Thesis Structure

This thesis is organised into six chapters, progressing from fundamental concepts in 3D scene
representation to task-oriented, timeliness-aware perception and communication systems for
robotic applications.

Chapter 1 introduces the research background, motivation, and problem setting. It discusses
the limitations of conventional perception pipelines in networked and resource-constrained envi-
ronments, and highlights the need for representations and communication strategies that jointly
consider timeliness and fidelity. The main research questions and contributions of the thesis are
also summarised.

Chapter 2 reviews the related literature in three main areas: 3D scene representations, timeliness-
aware and task-oriented communication systems, teleoperation systems, and next-best-view

planning. It surveys both explicit and implicit scene representations, as well as recent neural
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rendering approaches. The chapter also introduces the concept of the Age of Information and its
role in modelling timeliness in networked sensing systems. This review establishes the theoret-
ical and practical gaps that motivate the research contributions of this thesis.

Chapter 3 introduces fundamental mathematical concepts for implicit/explicit 3D scene rep-
resentations and image similarity metrics, which serve as the foundation for the subsequent
technical chapters.

Chapter 4 presents the mathematical formulation of timeliness-aware 3D scene representa-
tion systems. It first introduces the fundamental models of explicit and implicit 3D represen-
tations, and provides a unified mathematical view of scene reconstruction. The chapter then
formulates the notion of timeliness using the Age of Information and extends it to the context of
3D perception. A decision-theoretic framework is introduced to describe how sensing, commu-
nication, and reconstruction actions affect both information freshness and reconstruction fidelity.
This chapter serves as the theoretical foundation for the methods developed in the subsequent
chapters.

The core technical contributions of the thesis are presented in Chapters 5 to 7, each cor-
responding to a major research work along the theme of task-oriented, timeliness-aware 3D
perception.

Chapter 5 presents a teleoperation-based embodied 3D scene representation framework for
robotic inspection in nuclear decommissioning environments. It introduces a real-time recon-
struction pipeline that integrates haptic teleoperation, deterministic camera pose recovery, and
fast neural radiance field optimisation for interactive scene updating. Built upon this embodied
acquisition and 3D scene representation system, the chapter further demonstrates how next-best-
view (NBV) planning can be incorporated into the perception loop to prioritise task-relevant
regions. By leveraging expert operator preferences, the extended framework enables active
viewpoint selection that improves inspection efficiency and reconstruction quality under limited
sensing budgets. This chapter is partially based on a UKAEA RAICo funded project, and also
partially based on: Preference-Driven Active 3D Scene Representation for Robotic Inspection in
Nuclear Decommissioning, submitted to IEEE/RSJ IROS 2026.

Chapter 6 investigates the fundamental timeliness—fidelity tradeoff in real-time 3D scene
representation systems. It establishes a communication-aware reconstruction framework, where
multiple cameras transmit images to an edge server over stochastic wireless channels. The trans-
mission delays are explicitly modelled using probabilistic channel models, allowing the system
to analyse how communication latency affects reconstruction quality. Within this framework,
the scheduling problem is formulated based on the Age of Information (Aol) of each camera
stream. A single-step reinforcement learning method is introduced, where the system state is
defined purely by the Aol values of the cameras, and the agent decides whether each received
image should be used for reconstruction. The objective is to directly optimise reconstruction

quality metrics such as PSNR, SSIM, and LPIPS under stochastic communication delays. In
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addition to the reinforcement learning solution, the chapter also studies threshold-based wait-
ing strategies and characterises how different maximum-Aol thresholds affect reconstruction
performance. The results reveal that the optimal waiting threshold depends on the underlying
channel conditions, demonstrating a non-trivial relationship between communication delay and
reconstruction fidelity. This chapter is based on Timeliness-Fidelity Tradeoff in 3D Scene Rep-
resentations, IEEE INFOCOM 2024 Workshops.

Chapter 7 builds upon the tradeoff analysis developed in Chapter 6 and extends it to a task-
oriented communication framework for real-time 3D scene representation. Instead of focus-
ing solely on communication delay and Aol dynamics, this chapter considers a more realistic
cross-system setting, where sensing, communication, and task objectives jointly influence the
scheduling decisions. The system is modelled under bursty or task-dependent communication
conditions, and the scheduling problem is formulated as a contextual decision-making process.
Compared with the simplified formulation in Chapter 5, the reinforcement learning state incor-
porates not only timeliness indicators but also task-related or semantic information extracted
from the incoming data streams. This enables the scheduler to adapt its waiting horizon ac-
cording to both communication dynamics and task requirements. The proposed approach is
evaluated across multiple datasets and representation models, including neural radiance fields
and 3D Gaussian Splatting, under more complex communication scenarios. Different adap-
tive waiting patterns are learned by the policy, demonstrating how task-oriented scheduling can
outperform fixed-threshold or single-step strategies. This chapter is based on: Task-Oriented
Communications for 3D Scene Representation: Balancing Timeliness and Fidelity, submitted to
IEEE Transactions on Mobile Computing.

Finally, Chapter 8 concludes the thesis by summarising the main contributions and dis-
cussing directions for future research, including extensions to large-scale robotic systems, multi-

agent perception, and embodied intelligence applications.
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Chapter 2

Literature Review

2.1 Robotic Vision Systems

Early robotic vision systems were predominantly based on single-camera Simultaneous Local-
ization and Mapping (SLAM), focusing on real-time ego-motion estimation and sparse environ-
ment mapping. MonoSLAM [8] by Davison et al. demonstrated that a single moving camera
can function as a real-time pose sensor by jointly estimating camera motion and a sparse map of
natural landmarks within a Bayesian filtering framework. This work established visual SLAM
as a viable alternative to range-based sensing modalities such as Light Detection and Ranging
(LiDAR). Parallel Tracking and Mapping (PTAM) [9] introduced a key architectural insight
by decoupling tracking and mapping into parallel threads. This separation enabled accurate
keyframe-based bundle adjustment while maintaining real-time performance in small-scale aug-
mented reality scenarios. Building upon these ideas, ORB-SLAM [10] provided a versatile and
highly accurate monocular SLAM framework integrating robust feature extraction, keyframe
management, loop closure detection, and relocalization. Due to its reliability and extensibil-
ity, ORB-SLAM has become a de facto baseline in robotic perception and augmented reality
applications.

While early systems emphasized sparse feature-based representations, subsequent work ex-
tended visual SLAM toward dense scene reconstruction. KinectFusion [46] demonstrated that a
moving RGB-D camera can reconstruct dense volumetric geometry in real time by integrating
depth measurements into a Truncated Signed Distance Function (TSDF) representation while si-
multaneously estimating camera pose using iterative closest point (ICP). This work showed that
real-time dense mapping was feasible on commodity hardware and significantly expanded the
scope of robotic scene understanding. ElasticFusion [11] further advanced dense visual SLAM
by introducing a surfel-based map representation combined with a deformation graph to main-
tain global consistency without relying on an explicit pose graph. Such dense mapping systems
highlighted the importance of maintaining both geometric fidelity and temporal coherence in

reconstructed environment models.
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Beyond purely visual pipelines, robotic perception has increasingly adopted visual—inertial
fusion to improve robustness under aggressive motion and challenging illumination conditions.
Leutenegger et al. proposed OKVIS [12], which formulates visual-inertial odometry as a tightly
coupled nonlinear optimization over landmark reprojection and inertial residuals. Similarly,
VINS-Mono [13] introduced a sliding-window optimization framework with online extrinsic
calibration and loop closure, and has been widely adopted in aerial and mobile robotics. Related
systems such as MSCKF [101] and ROVIO [102] further demonstrate how tightly integrated
sensor fusion and continuous optimization have become standard design principles in modern
robotic vision systems.

While classical SLAM focuses primarily on geometric mapping, recent research has increas-
ingly explored richer environment representations that jointly encode geometry, appearance, and
semantic information. For example, semantic SLAM approaches incorporate object-level infor-
mation into the mapping process, enabling robots to reason about the environment at a higher
level of abstraction. Systems such as Kimera [28] combine metric reconstruction with seman-
tic scene understanding, allowing robots to build dense maps enriched with object labels and
structural information.

More recently, neural implicit representations have emerged as a powerful paradigm for
robotic scene reconstruction. Neural Radiance Fields (NeRF) [22] represent scenes as contin-
uous volumetric functions that map spatial coordinates and viewing directions to density and
color, enabling photorealistic novel view synthesis from sparse multi-view observations. Sub-
sequent extensions such as Instant-NGP [52] dramatically accelerated training and rendering by
introducing multiresolution hash encoding, making neural scene reconstruction feasible for near
real-time applications. These neural representations provide significantly richer scene models
than traditional geometric maps, capturing both fine geometric structure and view-dependent
appearance. To integrate neural scene representations with robotic perception, several works
have explored neural SLAM systems. For example, iMAP [27] proposed a real-time neural
implicit mapping framework in which scene representation and camera pose estimation are op-
timized jointly. NICE-SLAM [31] introduced hierarchical feature grids to improve scalability
and enable high-resolution reconstruction in large indoor scenes. Such systems demonstrate
that neural implicit representations can potentially replace traditional volumetric maps as the
core scene representation in robotic perception pipelines.

More recently, explicit neural representations such as 3D Gaussian Splatting [54] have fur-
ther advanced real-time neural rendering. In this approach, scenes are modeled as collections
of anisotropic Gaussian primitives that can be rasterized efficiently on the GPU, achieving real-
time rendering speeds while maintaining high visual fidelity. These developments have led to a
new generation of neural mapping systems capable of supporting both real-time reconstruction
and interactive visualization.

As robotic perception systems become increasingly capable of building rich environment
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models, the concept of a robotic world model has gained renewed attention. In robotics and
embodied Al, a world model refers to an internal representation that captures the structure and
dynamics of the surrounding environment, allowing an agent to predict future observations and
plan actions accordingly. Recent research in embodied Al and reinforcement learning has ex-
plored neural world models that combine perception, representation learning, and predictive
modeling into a unified framework. These models aim to enable robots to reason about their
environment beyond immediate sensor observations, supporting tasks such as planning, simula-
tion, and decision making.

Overall, the literature on robotic vision has produced highly robust real-time SLAM and
reconstruction pipelines that enable localization, mapping, and dense scene modeling using on-
board sensing. However, most of these systems are designed under the assumption of locally
available measurements and centralized computation. The role of communication constraints
and information timeliness remains largely unaddressed at the perception modeling level. This
limitation becomes particularly critical in networked robotic systems, where multiple sensors,
cameras, or agents must share information across communication networks. Understanding
how scene representations evolve under communication delay and sensing timeliness constraints

therefore becomes an essential problem for next-generation robotic perception systems.

2.2 Multi-Camera and Multi-Agent Perception

In multi-robot and multi-camera settings, distributed state estimation has been studied exten-
sively in the robotics and control communities. Early work focused on maintaining globally
consistent maps while allowing robots to operate under communication constraints. Cunning-
ham et al. [62] proposed the Distributed Delayed-State Information Filter (DDF-SAM), which
enables consistent multi-robot SLAM by explicitly modelling delayed measurements and de-
centralized updates. Similarly, Howard et al. [95] investigated multi-robot mapping through
decentralized data fusion, showing that collaborative mapping significantly improves environ-
ment coverage and robustness compared to single-robot systems. These distributed formulations
aim to preserve global consistency while reducing bandwidth usage, highlighting the growing
importance of communication-aware estimation in networked robotic systems.

More recently, centralized collaborative systems have demonstrated real-time multi-agent
mapping capabilities. COVINS [63] enables scalable multi-agent visual-inertial mapping by
streaming keyframes to a central server that performs global optimization. Similarly, Kimera-
Multi [28] extends metric-semantic SLAM to multi-robot scenarios, allowing agents to share
dense mesh reconstructions and semantic information across the system. Related systems such
as CCM-SLAM [96] and collaborative ORB-SLAM variants further demonstrate how central-
ized map fusion can maintain global consistency across multiple robots. These systems illustrate

that multi-camera and multi-agent perception significantly improve robustness, field-of-view
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coverage, and loop closure detection compared to single-agent pipelines, particularly in large-
scale environments.

Beyond classical feature-based SLAM, multi-view geometry has long provided the theoret-
ical foundation for multi-camera reconstruction. The formulation of multiple view geometry
by Hartley and Zisserman [48] formalized epipolar constraints, projective geometry, and bundle
adjustment for multi-view estimation. These geometric principles underpin modern structure-
from-motion (SfM) pipelines, such as those implemented in systems like COLMAP [91]. Build-
ing on these foundations, multi-view stereo (MVS) methods reconstruct dense surface geometry
from calibrated image sets. Large-scale benchmarks introduced by Seitz et al. [92] established
quantitative standards for evaluating reconstruction accuracy. Subsequent MVS methods, in-
cluding PatchMatch-based stereo approaches [97,98], significantly improved scalability and re-
construction density. While highly accurate, traditional MVS pipelines are typically offline and
computationally intensive, limiting their applicability in real-time robotic perception scenarios.

The emergence of neural implicit representations has significantly reshaped multi-view re-
construction. Neural Radiance Fields (NeRF) [22] model scenes as continuous volumetric func-
tions that map spatial coordinates and viewing directions to density and radiance, allowing
photorealistic novel view synthesis from sparse multi-view observations. Subsequent exten-
sions such as NeRF++ [30], Mip-NeRF [26], and Instant-NGP [52] improved scalability, anti-
aliasing, and training efficiency. More recent variants such as NeRF-W [99] and TensoRF [56]
further addressed challenges related to dynamic scenes, appearance variations, and efficient neu-
ral representation. These models inherently rely on multi-camera supervision, as scene geometry
emerges from photometric consistency across multiple viewpoints.

To bridge neural fields and robotic perception, several works have integrated NeRF into
SLAM systems. iMAP [27] introduced a neural implicit map that is jointly optimized with
camera poses in real time. NICE-SLAM [31] further improved scalability by incorporating
hierarchical feature grids, enabling higher resolution scene reconstruction. NeRF-SLAM [29]
combined NeRF-based mapping with classical pose tracking, demonstrating improved recon-
struction fidelity in indoor environments. These approaches suggest that neural representations
can potentially replace traditional volumetric maps in multi-camera robotic systems, providing
richer geometry and appearance modelling.

More recently, 3D Gaussian Splatting (3DGS) [54] introduced an explicit neural scene rep-
resentation based on a set of anisotropic Gaussian primitives. Unlike volumetric ray integra-
tion used in NeRF, 3DGS performs differentiable rasterization of projected Gaussians, achiev-
ing real-time rendering speeds while maintaining high visual fidelity. This representation has
quickly attracted interest in robotics and real-time mapping. Extensions such as Gaussian-
SLAM [55] and Splat-SLAM [55] integrate Gaussian-based scene representations into real-time
SLAM pipelines. Compared to classical multi-camera SLAM, neural field-based systems ex-

hibit several distinct properties. First, geometry and appearance are jointly represented within
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a continuous neural function. Second, they rely on dense photometric supervision rather than
sparse feature correspondences. Third, they introduce significantly higher computational and
memory demands, particularly when multiple high-resolution image streams are processed si-
multaneously.

Despite these advances, most existing multi-camera and neural 3D scene representation sys-
tems assume that all camera views are temporally synchronized and immediately available for
optimization. In practical robotic deployments, however, visual observations are often transmit-
ted over networks with limited bandwidth and non-negligible latency. The influence of commu-
nication delay, packet loss, or view staleness on neural multi-view consistency remains largely
unexplored. As multi-camera perception increasingly moves toward distributed and edge—cloud
architectures, understanding how information timeliness interacts with neural scene representa-
tion becomes essential. This observation motivates the timeliness-aware modelling and commu-

nication scheduling strategies developed in the subsequent chapters of this thesis.

2.3 Timeliness-Aware Perception

In classical computer vision pipelines, temporal information is primarily treated as a model-
ing cue for motion, dynamics, or temporal coherence rather than as a constrained system re-
source. Temporal modeling is typically embedded through optical flow estimation [64], recur-
rent architectures, temporal attention, or multi-frame consistency regularization in neural ren-
dering [22,67]. In these formulations, time is assumed to be dense, synchronized, and locally
accessible. Temporal misalignment arises from scene motion or non-rigid geometry, not from
communication latency or update staleness.

Networked perception systems introduce a fundamentally different temporal regime. Obser-
vations may arrive late, out of order, or be intermittently dropped due to bandwidth constraints
and channel dynamics. This problem has long been studied in control and estimation theory
under delay-aware and packet-loss-aware filtering. Sinopoli et al. [66] showed that Kalman
filtering with intermittent observations exhibits a critical packet loss threshold beyond which
estimation error diverges. Schenato et al. [65] and Hespanha et al. [68] characterized stabil-
ity and performance degradation in networked control systems under stochastic delays. These
works formally establish that timeliness is not merely an implementation issue but a variable
that directly governs estimation error dynamics.

The concept of Age of Information (Aol) was later introduced by Kaul et al. [15] as a metric
that captures the freshness of information at a receiver. Unlike latency, which measures trans-
port delay of a specific packet, Aol quantifies the time elapsed since the generation of the most
recently received update. Subsequent surveys and theoretical developments [17,71] demon-
strated that minimizing transmission frequency does not necessarily minimize estimation error.

Optimal policies must jointly consider update generation rate, queueing dynamics, and service
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discipline. Importantly, Aol introduces a system-level coupling between communication and
estimation performance.

In remote state estimation, Aol-aware scheduling has been shown to outperform naive peri-
odic updates. Sun et al. [16] derived optimal sampling policies that explicitly balance freshness
and resource constraints. Kadota et al. [71] characterized optimal broadcast scheduling strate-
gies under stochastic arrivals. More recently, Chen et al. [36] explicitly investigated the timeli-
ness—fidelity tradeoff in wireless sensor networks, analyzing whether a fusion center should wait
for all sensor updates or proceed with only a subset of available measurements. Their results
show that waiting for additional observations can reduce estimation variance but simultaneously
increase Age of Information, thereby introducing a non-trivial optimal stopping structure. These
findings highlight that timeliness and fidelity are fundamentally coupled objectives rather than
independent performance metrics. Despite these advances, the majority of Aol-aware estimation
frameworks consider low-dimensional linear dynamical systems. The system state is typically
modeled as a vector in R", and fidelity is quantified through mean-square error or covariance
trace. In contrast, modern visual perception operates on high-dimensional image observations
and learns implicit scene representations whose parameters may number in the millions. In
multi-view 3D sensing, geometry and appearance emerge from jointly optimizing photometric
consistency across views. When some views are stale relative to the current scene state, tem-
poral misalignment can violate geometric consistency assumptions, leading to artifacts such as
ghosting, blurred surfaces, or inconsistent geometry.

Only limited work has attempted to connect timeliness metrics with visual perception. Com-
munication efficient inference systems compress features or selectively transmit frames [69,70],
while video streaming systems adapt bitrate to network conditions. However, these approaches
primarily optimize bandwidth or latency, and do not explicitly model information freshness as a
variable affecting reconstruction fidelity.

Timeliness-aware perception therefore extends delay-aware estimation into the high dimen-
sional regime. Rather than treating freshness as an external communication metric, it treats
Aol as an intrinsic variable that shapes the effective dataset available to the perception mod-
ule. The fidelity of the learned representation becomes jointly determined by sensing noise,
model capacity, and the freshness profile of observations. This shift reframes perception as a
coupled communication—estimation—learning problem, where scheduling policies and represen-

tation learning must be co-designed.

2.4 Real-Time Teleoperation and Autonomous Control

Teleoperation has long been a central paradigm in robotics, enabling human operators to control
remote manipulators in hazardous or inaccessible environments such as nuclear facilities, deep-

sea exploration, and space operations. Early foundational work primarily focused on achieving
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stability and transparency when communication delays are present. Anderson et al. [85] intro-
duced passivity-based bilateral control frameworks to guarantee stability in delayed teleoper-
ation loops. Similarly, Niemeyer and Slotine [86] proposed the wave-variable transformation,
which reformulates exchanged control signals into energy-consistent variables to maintain sta-
bility under constant communication delay. These studies established the theoretical foundations
for delay-robust teleoperation systems and inspired a large body of subsequent work on time-
delay compensation and stability analysis.

As teleoperation systems evolved toward distributed and networked architectures, research
expanded into the broader domain of networked control systems (NCS). In such systems, sens-
ing, control computation, and actuation may be separated by communication networks with
limited bandwidth and variable latency. Hespanha et al. [87] provided a comprehensive survey
of networked control systems, demonstrating how communication constraints directly affect
closed-loop stability and performance. Similarly, Sinopoli et al. [66] showed that intermittent
observations in Kalman filtering lead to a critical packet loss threshold, beyond which estimation
error diverges. These findings reveal that communication reliability and sensing availability are
fundamental factors influencing control performance in networked robotic systems.

Beyond stability considerations, modern teleoperation increasingly emphasizes the role of
high-dimensional perceptual feedback. Sheridan [88] investigated human supervisory control
in teleoperation, highlighting how perception, cognition, and operator workload influence task
efficiency. Drascic and Milgram [89] studied the perceptual and performance effects of video
delay in teleoperation tasks, demonstrating that even moderate latency can significantly degrade
human operator efficiency and task accuracy. Subsequent studies in telepresence robotics and
human-robot interaction further showed that high-fidelity visual feedback is essential for main-
taining operator situational awareness [88, 100].

In contemporary robotic systems, remote environments are often represented through con-
tinuously updated 3D models or digital twins. Such representations enable operators to observe
and interact with the remote environment through reconstructed virtual scenes rather than raw
camera streams alone. Tao et al. [90] surveyed digital twin technologies for cyber—physical
systems, highlighting their role in real-time integration between physical processes and virtual
models. In robotics, similar concepts appear in map-based teleoperation and model-mediated
control, where reconstructed environment models support planning, visualization, and interac-
tion. Under this paradigm, perception, modeling, and communication become tightly coupled,
and reconstruction latency directly affects the quality of operator decisions.

Recent research has also explored the integration of teleoperation with varying levels of
robotic autonomy. Shared-control frameworks allow human operators to provide high-level
guidance while autonomous modules handle low-level motion planning or collision avoidance.
For example, autonomy-assisted teleoperation systems have been widely studied in space robotics

and surgical robotics, where maintaining safety under communication delay is critical. These
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systems illustrate a continuum between fully manual teleoperation and fully autonomous con-
trol, in which perception quality and communication reliability directly influence the degree of
autonomy that can be safely deployed.

In haptic communication and teleoperation systems, stringent Ultra Reliable Low Latency
Communications (URLLC) constraints further highlight the tight coupling between communi-
cation and control. She et al. [3] provided a comprehensive tutorial on URLLC in 6G systems,
showing that reliability and latency guarantees must be co-designed with application-level re-
quirements such as control stability and real-time interaction. The tutorial emphasizes cross-
layer design principles, where domain knowledge from robotics and control theory is incorpo-
rated into communication system design, rather than optimizing physical-layer metrics in isola-
tion. Such perspectives reinforce the view that communication performance should be evaluated
in terms of its impact on closed-loop system behavior, rather than solely by throughput or bit
error rate.

Overall, research on teleoperation and networked control demonstrates that communication
delay, perception freshness, and control stability are deeply intertwined. As robotic platforms
increasingly rely on continuous 3D scene representations to support remote monitoring and
interaction, timeliness becomes not only a network-level metric but also a control-relevant vari-
able. Understanding how perception timeliness affects system-level decision making is therefore
essential for future robotic perception systems. This observation motivates the timeliness-aware

and task-oriented communication framework developed in the subsequent chapters of this thesis.

2.5 Task-Oriented Communication Paradigms

Classical communication systems are fundamentally fidelity-oriented. Under the Shannon in-
formation theoretic framework [1], a transmitter is designed to deliver a bitstream such that
the receiver can reconstruct the original source with minimal distortion under capacity and rate
constraints. This paradigm has proven extremely successful for human-oriented multimedia ser-
vices such as voice, video, and image delivery, where faithful source reconstruction is directly
aligned with user experience. However, this objective becomes increasingly mismatched with
modern robotic perception and edge-intelligence pipelines, where the downstream task—for ex-
ample control, inspection, object detection, segmentation, or 3D scene representation—is the
true consumer of information. In such systems, faithfully reproducing all source details is nei-
ther necessary nor always beneficial. Instead, it can waste bandwidth and latency budget on
content that is irrelevant to the downstream decision-making process.

To address this mismatch, recent research has explored task-oriented communication, in
which communication system design explicitly incorporates the objective of the downstream
task. In contrast to classical source—channel separation, task-oriented approaches typically in-

volve joint optimization across sensing, communication, and inference modules. Early theoret-
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ical perspectives on this idea can be traced to semantic information theory [35], which argued
that communication systems should consider not only symbol transmission but also meaning
and utility. More recently, task-oriented communication has been formalized within modern ma-
chine learning pipelines, where communication encoders are optimized to preserve features that
are most relevant for the inference task. A key difficulty is that strict task-oriented methods often
imply cross-system co-design: the communication encoder and decoder must be trained jointly
with the inference or control model. While this can significantly improve task performance, it
reduces system modularity and complicates deployment in large-scale communication infras-
tructures. Meng et al. [2] contributed to positioning task-oriented methodology as a design prin-
ciple for next-generation networks and embodied digital systems. Their task-oriented metaverse
framework highlights the need to treat sensing, communication, and computing as a co-designed
pipeline whose objective is task completion rather than faithful media transport. Similarly, Diao
et al. [4] proposed a framework that explicitly addresses the tension between task-oriented and
reconstruction-oriented communication. Their approach introduces an Information-Bottleneck-
inspired formulation together with an information reshaper that preserves compatibility with
conventional reconstruction pipelines while prioritising task-relevant features. In addition, a
Joint Source-Channel Coding (JSCC) modulation mechanism is employed to maintain compat-
ibility with classical modulation structures, thereby enabling gradual integration with existing
communication systems.

Task-oriented communication has also been studied extensively in wireless edge intelligence
scenarios. In these systems, sensory data collected by edge devices are transmitted to edge
servers for machine learning inference. Several works have demonstrated that transmitting com-
pressed feature representations rather than raw data can dramatically reduce communication
load while maintaining inference accuracy. For instance, deep feature compression techniques
allow edge devices to transmit intermediate neural features instead of full images, enabling more
efficient vision-based analytics in bandwidth-limited environments. These approaches illustrate
that communication efficiency can be significantly improved when the transmitted information
is directly aligned with the requirements of the downstream task.

In haptic and teleoperation communication systems, the end objective is neither waveform
reproduction nor raw packet delivery, but stable and reliable human-in-the-loop control under
stringent URLLC constraints. Kizilkaya et al. [S] proposed a task-oriented prediction communi-
cation co-design framework in which wireless resource allocation is optimized subject to task-
dependent reliability constraints. Such formulations illustrate a recurring theme: task-oriented
design makes the performance metric application-native, turning communication quality into an
operational requirement tied directly to the human-robot interaction loop.

Semantic communication is often discussed as a complementary direction to task-oriented
communication. Instead of guaranteeing symbol-level correctness, semantic communication

aims to deliver the meaning required by the receiver for a specific task. Recent research has
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attempted to formalize semantic information beyond Shannon’s bit-level abstraction. Qin et
al. [6] proposed a generalized semantic communication framework that explicitly considers both
source semantics and channel/environment semantics, positioning semantic processing as an
extension beyond classical information theory.

In vision-centric settings, semantic communication has been instantiated through learned
semantic coding pipelines. Xie et al. [7] studied deep-learning-based image semantic coding,
where the design objective is semantic exchange rather than strict pixel-level reconstruction.
Their results demonstrate that transmitting semantic representations can significantly reduce
transmission overhead while maintaining task performance. Subsequent work in this area has
further explored semantic feature extraction and representation learning for communication-
efficient visual perception systems, highlighting the close connection between communication
efficiency and machine learning representation quality.

Taken together, these developments indicate a broader paradigm shift in communication
system design: from source reconstruction toward task-aware information delivery. Whether
framed through cross-system co-design, URLLC-constrained control, semantic feature transmis-
sion, or edge intelligence architectures, the unifying principle is that communication resources
should be allocated according to their impact on downstream objectives.

For robotic perception systems that rely on continuous 3D scene representations, this per-
spective has important implications. In such systems, communication decisions directly influ-
ence how quickly and accurately the scene representation can be updated. Consequently, timeli-
ness, task relevance, and reconstruction fidelity must be jointly considered rather than optimized
in isolation. This perspective motivates the task-oriented and timeliness-aware communication

framework developed in the subsequent chapters of this thesis.



Chapter 3

Background

3.1 Formulation of 3D Scene Representation

Spatial intelligence refers to a system’s ability to perceive and reason about the three-dimensional
structure of its surrounding environment [38]. For embodied agents operating in the physical
world, such as robots, this capability underlies a broad range of perception and decision-making
tasks. In practice, effective interaction with the environment requires not only instantaneous
sensory measurements, but also an internal representation that captures scene geometry and
appearance in a consistent spatial frame. From this perspective, 3D scene representation consti-
tutes a fundamental component of spatial intelligence. It provides a structured description of the
environment that supports the integration of observations collected from different viewpoints
and sensing modalities. Without an explicit or implicit 3D representation, sensory data remain
fragmented and cannot be reliably used for tasks that depend on spatial reasoning, such as locali-
sation, mapping, or motion planning. Accordingly, 3D scene reconstruction can be viewed as the
process by which a system estimates and maintains such a representation directly from sensor
data. Rather than being an isolated geometric problem, reconstruction serves as a foundational
step in enabling spatial understanding for embodied intelligent systems.

Three-dimensional scene representations is a central problem in robotic perception systems.
An agent observes the physical world through a collection of sensors that provide partial, noisy,
and viewpoint-dependent measurements. The objective of 3D scene representation is to in-
fer a representation of the environment that is geometrically consistent and suitable for further
processing. Such a representation is commonly required by robotic autonomous downstream
tasks such as localisation, mapping, navigation, and also by physical interaction, where deci-
sions depend on an explicit understanding of spatial structure. Although different 3D scene
representation methods vary substantially in sensing modality, algorithmic design, and com-
putational complexity, they share a common underlying objective. A 3D scene representation
can be viewed as an inference problem over a continuous spatial domain, where information

from discrete observations is aggregated to estimate properties of the scene at arbitrary spatial
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locations. We consider a static scene that can be characterized by an unknown latent function
Z:R* - RC, (3.1)

where the input d = [x,,z] € R? denotes a location in 3D space, and the output encodes intrinsic
properties of the scene at that location. The dimensionality and semantics of the output space are
determined by the chosen 3D scene representation and reflect the aspects of the scene that the
3D scene representation method seeks to model, i.e. it may encode binary occupancy of space
[39], the signed distance to the nearest surface [40], or volumetric density [41] and radiance as
used in volume-based rendering approaches. More generally, . (d) may combine geometric
information with appearance-related attributes such as color or reflectance [42]. This functional
formulation does not prescribe how the scene is discretised or rendered, but instead provides a
common description that encompasses both explicit and implicit reconstruction methods.

By modeling 3D scene representation as the estimation of a continuous or discrete scene
function, differences among existing approaches can be interpreted primarily in terms of how
Z is parameterised and how observations constrain its values. This abstraction serves as the
basis for the reconstruction models discussed in the following sections. This functional abstrac-
tion provides a unifying perspective on a wide range of reconstruction methods. Rather than
explicitly modeling surfaces or volumes using discrete primitives, modern approaches seek to
estimate a parametric approximation .%y of the latent scene function .# from sensor observa-
tions. Under this view, differences among reconstruction paradigms arise primarily from how
the function .%y is parameterized and how it is related to measurements through a rendering or
projection process.

Let the perception system acquire observations from one or multiple sensors. The complete

observation set is denoted as
0= {(0n, &)}, (3.2)

where 0,, denotes the measurement from the n-th sensor, and &, represents the corresponding
sensing model, including the intrinsic and extrinsic parameters of the coresponding sensor. The
3D scene representation task then amounts to estimating a parametric scene representation .%g
that is consistent with the available observations Q. This can be expressed in the generic opti-
mization form

6= argngnz(ﬁg,O) , (3.3)

where .Z(-) denotes a reconstruction loss defined through a rendering or projection operator that
relates the 3D scene representation to ground-truth sensor measurements.

This formulation intentionally abstracts away method-specific assumptions and implemen-
tation details, and serves as a common foundation for the reconstruction approaches discussed

in the following sections.
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3.1.1 Explicit 3D Scene Representations

Explicit 3D scene representations describe the environment using a finite set of discrete geo-
metric primitives. Common choices include point clouds, polygonal meshes, and voxel grids,
which have long been used in robotic mapping and 3D reconstruction pipelines due to their

direct geometric interpretability [44—47].

Point clouds

A point cloud represents a scene as an unordered set of discrete 3D samples

P={(pj,a)}'L,, peR’, (3.4)

where p; denotes the spatial location and a; optionally encodes attributes such as color, sur-
face normal, or confidence. This representation is commonly produced by range sensing (e.g.,
RGB-D or LiDAR) and by multi-view geometry pipelines, and is therefore widely adopted as
an intermediate output in classical 3D reconstruction systems [47,48]. From an estimation
viewpoint, IP can be interpreted as a finite sampling of an underlying continuous surface or volu-
metric structure; consequently, the geometric fidelity is governed by both sampling density and
measurement noise.

Local neighbourhood relationships, surface connectivity, or topology are not explicitly en-
coded in point clouds. As a result, subsequent processing typically requires the construction of
a neighbourhood graph, for example via k-nearest neighbours [49] or radius-based search, in

order to estimate local surface properties or support surface reconstruction:

N(pj) =kNN(p;;P) or N(pj)={pr€P:|pr—pjl| <r}. (3.5)

This additional step introduces sensitivity to non-uniform sampling and outliers, and makes the
representation less stable under sparse or incomplete observations. Therefore, while point clouds
are simple, compact, and directly interpretable, they are often insufficient as a final representa-

tion when tasks require explicit surfaces, watertight geometry, or high-quality rendering [44].

Meshes

A polygonal mesh explicitly models scene surfaces by defining a set of vertices and their con-

nectivity, typically written as
M= (V.EF), (5-6)
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Figure 3.1: A Point Cloud (as blue dots) Scene Representation of the JET tile.

where
V= {Vi S R3}§\il7
EC{(@,Jj)]i,je{l,...,N}},
FC{(i,j,k)|i,j,ke{l,...,N,}}.

where V denotes a set of vertices, E denotes a set of edges, and F denotes a set of faces. Com-
pared to point-based representations, meshes provide an explicit encoding of surface topology
and local neighbourhood structure, enabling surface-level reasoning, efficient rasterization, and
direct compatibility with graphics pipelines.

Meshes are commonly obtained by reconstructing surfaces from discrete geometric samples,
such as point clouds or volumetric fields. Given a sufficiently dense set of oriented points, clas-
sical surface reconstruction methods seek to estimate a continuous indicator or implicit function
whose zero level set defines the surface. A representative example is Poisson surface recon-
struction, which formulates surface recovery as the solution to a Poisson equation defined over
space and extracts the resulting surface as an isosurface [44]. Alternatively, when a volumetric
representation is available, mesh surfaces can be extracted from a discretised scalar field using
1sosurface extraction algorithms such as Marching Cubes [45].

Despite their expressive power, mesh-based representations exhibit several limitations in
practical robotic reconstruction systems. Constructing watertight and topologically consistent
meshes from noisy or sparsely sampled data is computationally demanding and often requires
global optimisation or iterative refinement. As a consequence, mesh reconstruction pipelines
are typically executed offline or at relatively low update rates, which limits their applicability

in time-sensitive or real-time perception settings. Moreover, mesh connectivity introduces dis-
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Figure 3.2: A Mesh Scene Representation of the JET tile.

crete combinatorial structures that are difficult to optimise jointly with continuous parameters
using gradient-based methods. Even incremental mesh update strategies require careful han-
dling of topology changes, making stable and efficient online optimisation challenging. As a
result, meshes are more commonly used as a final output or evaluation format, rather than as an
intermediate representation during continuous optimisation.

These limitations motivate alternative scene representations that retain geometric fidelity
while supporting continuous querying, differentiable rendering, and efficient updates, as dis-

cussed in the following sections.

Voxel grids and volumetric fusion

Voxel-based representations discretise 3D space into a regular grid and associate a value with
each spatial cell. Formally, the scene volume is partitioned into a lattice of voxels v indexed
by (i,j,k) € {1,...,Ne} x {1,...,Ny} x {1,...,N;}, where geometric information is stored at
each grid cell. Depending on the quantity stored in each voxel, such representations can exhibit
either explicit or implicit geometric properties, effectively forming a bridge between the two
paradigms.

The simplest formulation is a binary occupancy grid,
Voce : {1, . ;N x {1,... Ny} x {1,...,N;} = {0, 1}, (3.7)

where each voxel encodes whether the corresponding spatial region is occupied by the scene
geometry. In this case, the representation is explicit: the object volume is directly stored as a
collection of occupied cells, and the surface is defined by the boundary between occupied and

empty voxels.
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More expressive volumetric representations store continuous geometric quantities within
each voxel. A widely adopted example is the TSDF [39, 46], which stores a discretised ap-
proximation of a signed distance field on a voxel grid. Let v denote the spatial location of a

voxel center. The TSDF value is defined as
D(v) = clip(d(v,0-7), [—dmax, dmax]) , (3.8)

where d(v,0.7) is the signed distance to the closest surface 0.7 and dpax > 0 is a truncation
threshold. Here, .# C R? denotes the solid region occupied by the scene, and 9.7 its boundary
surface [50]. By convention, the distance is negative inside the surface and positive outside.
Distances outside the truncation band are clamped, improving robustness to noise and outliers.
Unlike occupancy grids, TSDFs define geometry implicitly: the surface is not stored directly
but is instead recovered as the zero level set of the distance field. However, the field itself is
stored explicitly on a discrete voxel lattice. As a result, TSDF-based representations combine
characteristics of both explicit and implicit models, forming a hybrid volumetric formulation.
Volumetric fusion integrates multiple depth observations by incrementally updating voxel
values, following the weighted averaging scheme in [39]. Given a new observation that induces a

distance estimate Dhey, (V) with weight wyeyw, the TSDF value is updated via weighted averaging:

W(Z) (V) D([) (V) + Whew DHCW (V)

D (v) = , 3.9
(V) W(t) (V) T Woew ( )

with the corresponding weight updated as
w D (v) = w (v) + wew- (3.10)

This explicit accumulation process enables measurements from multiple viewpoints to be fused
into a single, consistent volumetric representation and provides inherent noise smoothing through
spatial aggregation.

Once a volumetric field has been constructed, an explicit surface representation is typically
extracted by computing an isosurface of the TSDF, commonly using the Marching Cubes al-
gorithm [45]. This two-stage pipeline—volumetric fusion followed by surface extraction—has
been widely adopted in dense mapping and real-time reconstruction systems.

Despite their effectiveness, voxel-based representations exhibit fundamental scalability lim-
itations. Both memory usage and computational cost scale cubically with spatial resolution,
which makes high-resolution modeling expensive over large environments. Although sparse
data structures and spatial hashing schemes have been proposed to alleviate this issue, voxel
grids remain constrained by resolution—extent trade-offs and update latency. As a result, volu-
metric fusion methods are typically restricted to bounded workspaces or coarse resolution when

real-time performance is required, motivating the development of more scalable implicit scene
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representations.

3.1.2 Implicit 3D Scene Representations

Explicit geometric representations, as mentioned above, are established in earlier 3D scene rep-
resentation studies. These representations describe a scene using discrete primitives and are
often straightforward to interpret. However, they are inherently resolution-dependent, sensitive
to sampling density, and difficult to optimize in an end-to-end manner. Moreover, explicit rep-
resentations are typically not defined over continuous space, which limits their suitability for
high-quality rendering and for reasoning at arbitrary spatial locations.

In contrast, modern reconstruction methods increasingly adopt implicit scene representa-
tions, where geometry and appearance are encoded as continuous functions over space. Under

this paradigm, the scene is represented by a function
Fo(x) = F(x), (3.11)

which approaximately maps a spatial location x € R? to a set of scene properties. This for-
mulation decouples the representation from any fixed discretisation and allows the scene to be
queried at arbitrary resolution.

The continuity of implicit 3d scene representation in space enables smooth surface modeling
and avoids artifacts caused by discrete sampling. And parameterising .#g with differentiable
function approximators, such as neural networks or 3D/2D gaussians, allows the representation
to be optimised directly from image-based supervision using gradient-based methods. Finally,
implicit formulations naturally integrate with differentiable rendering operators, making them
well-suited for inverse graphics and multi-view reconstruction.

A number of representative reconstruction paradigms can be interpreted within this implicit
framework. Signed Distance Function (SDF) based methods model geometry by regressing
the distance to the nearest surface at each spatial location, enabling accurate surface recon-
struction [39,40]. Occupancy-based approaches represent the scene using continuous occu-
pancy probabilities, providing a compact description of shape without explicitly modeling sur-
faces [43]. More recently, volumetric radiance field methods encode both geometry and ap-
pearance within a single implicit function, enabling high-fidelity view synthesis from sparse
multi-view observations [22].

Despite differences in parameterization and supervision, these methods share a common
abstraction: the scene is represented implicitly by a continuous function, and reconstruction
amounts to estimating this function such that its rendered observations are consistent with sensor
measurements. Consequently, different reconstruction paradigms can be characterized primarily
by the semantic meaning assigned to the implicit function .%y and by the rendering or projection

operator used to relate it to image-space supervision.
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Signed Distance Functions

A widely used implicit geometric representation is the SDF [39, 40], which represents scene
geometry as a continuous scalar field defined over three-dimensional space. Given a solid region
. C R3, the SDF is defined as

+d(x,0.7), x¢.7,
FspE(x) = < 0, X€0.7, (3.12)
_d(X7ay)7 Xey;

where d(x,d.7) denotes the Euclidean (L2) distance from the query point x to the boundary
surface d.. Under this formulation, the scene surface is implicitly represented as the zero level
set of {Zspr = 0}, and no explicit surface connectivity or discretisation is required.

An ideal SDF has to satisfy the Eikonal constraint [50]

HV<3ZSDF<X)H = 1, (313)

almost everywhere, as the gradient magnitude of a true distance function is unity. This property
provides a strong geometric prior that regularises the learned field and promotes geometrically
consistent surface reconstructions. In practice, deviations from this condition may arise due
to noise, incomplete observations, or approximate parameterisations, and the Eikonal term is
therefore commonly imposed as a soft regularisation during optimisation.

To enable learning-based reconstruction from image observations, SDFs are commonly pa-
rameterised as implicit functions, for example, using neural networks .%#g(x), where 6 denotes
learnable parameters. This representation allows the SDF to be queried at arbitrary spatial lo-
cations and decouples the geometric resolution from any fixed spatial discretisation, in contrast
to voxel-based distance fields. For image-based supervision, SDF-based models are typically

extended to jointly encode appearance information:

Fo(x) = (dg(x), co(x)), (3.14)

where dg(x) represents the signed distance and cg(x) encodes color or reflectance attributes.
Rendering is then performed by explicitly computing ray—surface intersections, often via sphere
tracing, and evaluating photometric consistency between rendered and observed pixels [51].
This surface-based rendering process enables accurate geometry recovery and sharp surface
reconstruction compared to volumetric integration methods.

In practice, SDFs are learned from discrete observations by enforcing consistency between
the implicit distance field and the available measurements. When point cloud or depth obser-
vations are available, supervision can be applied directly at sampled surface locations by con-

straining the signed distance to be zero. Given a set of surface samples {0;}Y |, a commonly
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used objective takes the form

1=

N
,ZSDF:Z}yg(oi)}+/1/g(||vye(o)”—1)2 do, (3.15)
1

where the first term enforces zero level-set consistency at observed surface points and the sec-
ond term regularises the field to satisfy the Eikonal constraint over the spatial domain Q [40].
Here, Q C R? denotes a bounded spatial domain over which the implicit field is defined and
regularised, typically chosen as a region enclosing the observed scene geometry.

When only image observations are available, supervision becomes indirect. Rather than ob-
serving signed distances explicitly, the SDF must be trained by enforcing consistency between
rendered images and observed pixels. This is typically achieved using surface-based differen-
tiable rendering, in which the implicit surface is intersected with camera rays, for example via
sphere tracing, and photometric discrepancies are minimised in the image plane [51]. While
this formulation enables SDF-based reconstruction from images alone, it relies on accurate ray—
surface intersection and tightly couples geometric estimation with rendering. As a result, op-
timisation is computationally demanding and sensitive to geometric inaccuracies, which limits

the robustness and scalability of purely SDF-based approaches under image-only supervision.

Neural Radiance Fields

While signed distance functions implicitly encode scene geometry via a zero-level surface, they
do not directly model appearance or view-dependent effects under sparse image supervision.
Neural Radiance Fields (NeRF) methods address this limitation by formulating scene recon-
struction as a volumetric rendering problem defined along camera rays [22].

Let the t-th RGB image be a discrete sampling of radiance on a pixel grid,
L:{l,... . Wyx{l,...,0HY = [0,1,  Llu,v] € R, (3.16)

where (u,v) denotes pixel coordinates and I;[u,v] is the observed RGB color. For notational
convenience, we may also flatten the pixel index and write ;; := I[u;,v;]. Each pixel (u,v)
uniquely induces a camera ray r;(u,v) through the calibrated camera model, establishing the
correspondence

(u,v) <— ri(u,v) <— Lu,v|.

Consider a pinhole camera with intrinsic matrix K € R**3 and extrinsic parameters (R,t) €
SE(3) mapping world coordinates to the camera frame. For a pixel location p = (u,v,1)" in

homogeneous image coordinates, the corresponding camera ray in world space is given by

r(s) =r,+sd, 8 € [Sn,87], (3.17)
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where the ray origin is r, = —R "t and the ray direction is
R'K™!
d= —— P (3.18)
IRTKp]|

This explicit construction establishes a one-to-one correspondence between each image pixel
and a continuous set of 3D query points sampled along its associated viewing ray.
NeRF represents the scene as a continuous volumetric field parameterised by a neural net-
work
Fo(x,d) = (0p(x), co(x,d)), (3.19)

where x € R3 denotes spatial location, d € S? denotes viewing direction, og(x) > 0 is the volume
density, and cg(x,d) € R is the emitted radiance. Unlike SDF-based representations, geometry
is not encoded via an explicit surface, but rather emerges implicitly through regions of high
accumulated density along rays. While the functional form of .%y differs across representations,
it consistently parameterises a continuous implicit field queried at arbitrary spatial locations,
with the output semantics determined by the chosen scene model.

Given a ray r(s), the pixel color is computed via the volume rendering integral

C(r) = / 7T (5) 09 (r(s)) o (x(s),d) s, (3.20)

n

where the transmittance function

T(s) = exp (— / 5o (x(1)) du) (321)

models occlusion and visibility along the ray. In practice, the integral is approximated using

stratified or hierarchical sampling, resulting in a fully differentiable image formation process.
Let I;[u,v] € R? denote the observed RGB color at pixel (u,v) in image ¢, and let I;; be its

flattened representation. Each pixel induces a corresponding camera ray r; ;. NeRF is trained by

minimizing the photometric reconstruction loss
. 2
melnz |Co(riy) — I3, (3.22)
1,i

which couples multi-view geometry, appearance, and camera calibration through the shared
volumetric field.

A major computational bottleneck of NeRF arises from the need to evaluate .%¢ at hundreds
of sample points per ray. Instant Neural Graphics Primitives (Instant-NGP) [52] alleviates this
issue by replacing positional encodings with a multi-resolution hash grid encoding [52]. Specif-
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ically, a 3D location x is mapped to a set of feature vectors

¢(X) = [(p(])(x)a?(z)(L)(X)L (3.23)

where each level £ corresponds to a voxel grid of increasing resolution, stored in a compact hash
table and accessed via trilinear interpolation. This encoding enables logarithmic memory growth
with respect to resolution, while preserving the spatial locality required for high-frequency detail
reconstruction. As a result, Instant-NGP achieves orders-of-magnitude speedups in training
and inference, making NeRF-style volumetric representations viable for interactive and robotic
settings.

From a representational perspective, NeRF generalises implicit surface models by lifting
geometry from a zero-level set to a volumetric density distribution. This shift enables faithful
view synthesis under sparse supervision, but introduces substantial computational overhead due
to dense ray sampling and volumetric integration. Subsequent hybrid approaches aim to recover
explicit or surface-aligned structures from NeRF-like fields, bridging volumetric and surface-
based implicit representations.

Beyond the original NeRF formulation, a number of neural scene representation frameworks
have been proposed to improve reconstruction fidelity, rendering efficiency, scalability, and op-
timisation speed. These methods form the reconstruction backbone used throughout the later
chapters of this thesis. Instant-NGP [52] improves the training efficiency of NeRF through
the use of multi-resolution hash-grid encoding and lightweight neural networks. Compared
with the original NeRF formulation, Instant-NGP significantly accelerates scene optimisation
and rendering, enabling near-real-time reconstruction updates that are particularly suitable for
communication-aware robotic perception systems. TensorRF [56] further improves neural scene
representation efficiency through tensor decomposition techniques, where the volumetric scene
representation is factorised into compact low-rank tensor components. Compared with conven-
tional NeRF approaches, TensorRF substantially reduces memory consumption and optimisa-
tion complexity while maintaining competitive rendering quality. These characteristics make
TensorRF particularly suitable for large-scale scene representation and resource-constrained re-
construction settings. Nerfacto [57] extends NeRF-based scene representation through improved
ray sampling, proposal networks, scene contraction, and training stabilisation strategies. These
improvements enable more robust reconstruction performance across unbounded and large-scale
environments while maintaining relatively high rendering fidelity. Nerfacto is adopted in later
experiments as a representative modern NeRF-style reconstruction framework. These recon-
struction frameworks are revisited throughout the later chapters of this thesis under different
timeliness-aware sensing and communication settings. Rather than proposing a new reconstruc-
tion backbone itself, this thesis primarily investigates how communication dynamics, obser-
vation freshness, and scheduling behaviour interact with different neural scene representation

paradigms in distributed robotic perception systems.
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Figure 3.3: A 3D Gaussian Scene Representation of the JET tile.

3D Gaussian Splatting

While NeRF parameterises a continuous volumetric radiance field queried along rays, 3D Gaus-
sian Splatting (3DGS) [54] represents the scene using a finite set of continuous, explicit prim-
itives optimised directly from multi-view image supervision. This representation can be ex-

pressed under a unified functional abstraction
Fo R — P, (3.24)

where &2 denotes the parameter space of Gaussian primitives and 6 collects all learnable pa-

rameters. In 3DGS, .%y induces a finite set of N primitives
Fo = {Gihio1,  Gri= (W Zi g ap) € P, (3.25)

where 11, € R? is the 3D mean, ¥ € R**3 is a symmetric positive definite covariance, oy € [0, 1]
1s an opacity coefficient, and a; parameterises appearance (potentially view-dependent).

Each primitive defines a continuous spatial kernel

gk(x) = exp(—%(x—uk)TZk_l (x — ,uk)> , x € R?, (3.26)

which assigns a smoothly decaying influence to any spatial query point x based on its displace-
ment from the Gaussian centre [;. The quadratic form (x — u k)TZ,:I (x — u;,) defines a Maha-
lanobis distance under the metric induced by Ek_l, thereby generalising the isotropic Euclidean

distance to an orientation-aware, anisotropic measure.
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For any constant value of the exponent, the corresponding level set

(x— .Uk)TZJ:l (x—p)=c

forms an ellipsoidal surface in R3. The principal axes of this ellipsoid are given by the eigen-
vectors of ¥z, while the eigenvalues determine the squared lengths of the semi-axes. As a result,
Y jointly encodes both the spatial extent and the orientation of the Gaussian primitive, enabling
elongated, surface-aligned support regions that are well suited for approximating locally planar
geometry.

To ensure that the covariance matrix remains symmetric positive definite (X; > 0) throughout

optimisation, it is commonly parameterised as
Y = Ry diag(s7) R}, (3.27)

where s; € Ri specifies the per-axis scales of the ellipsoid and Ry € SO(3) is a rotation ma-
trix, often represented internally via a unit quaternion. This decomposition explicitly separates
scale and orientation, guarantees positive definiteness by construction, and avoids the numerical
instabilities associated with directly optimising the entries of ¥;. In practice, the learned Gaus-
sians tend to become highly anisotropic, with two large tangential axes and a short normal axis,
leading to an emergent alignment with underlying scene surfaces.

To model specularities and other view-dependent effects, 3DGS often represents the emitted

radiance as a low-order spherical harmonics (SH) expansion of the viewing direction d € S*:

L I4
od)=Y Y amYm@d), agmeR, (3.28)
{=0m=—/

where Yy, are SH basis functions and {ay ¢, } are learnable RGB coefficients (collectively de-
noted by a;). The special case L = 0 reduces to view-independent colour. In practice, og and
¢y (d) are composed in a differentiable rasterisation pipeline after projecting the 3D Gaussian
into an elliptical 2D footprint in screen space.

Unlike NeRF and SDF models where .7 (xX) is evaluated as a continuous scalar/vector field
at arbitrary locations, 3DGS uses %y to parameterise a set-valued representation: a discrete
collection of continuous primitives whose union approximates the scene. Geometry is therefore
encoded by the spatial distribution and anisotropy of {g; }, rather than by a zero-level surface or
a volumetric density integrated along rays.

Given a calibrated pinhole camera with intrinsic matrix K and extrinsic parameters (R,t),
the image formation process maps .%¢ to the image plane via differentiable Gaussian splatting.
Each 3D Gaussian ¥ is projected into a 2D elliptical Gaussian footprint through first-order
approximation of the perspective projection, yielding a screen-space mean and covariance.

For a pixel (u,v), the rendered colour is obtained by alpha compositing the contributions of
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Figure 3.5: A 3D Gaussian Scene Representation of the JET tile, with Gaussians Visualized.

all Gaussians whose projected support overlaps the pixel,
Cu,v) =Y Ti(u,v) ogey, (3.29)
k

where T (u,v) denotes the accumulated transmittance computed via depth-ordered front-to-back
compositing. This forward rasterisation process is fully differentiable with respect to 6.
The parameters 0 of .%y are optimised by minimising a photometric reconstruction loss over

all views and pixels,
minY_ ([ Co(ris) —liclly, (3.30)

i

where Cp(r;,) denotes the colour obtained by splatting the Gaussian set .#y under camera ¢.

From a representational perspective, 3DGS occupies an intermediate position between im-
plicit volumetric fields and explicit surface models. Although no explicit surface is defined,
the learned Gaussian centres tend to concentrate around scene boundaries, forming an emergent
surface-aligned structure. This behaviour is illustrated in Fig. 3.3, where the reconstructed syn-
thetic JET tile exhibits high-fidelity geometry, while the corresponding Gaussian visualisation
reveals a sparse distribution of anisotropic primitives tightly clustered around object surfaces.

By replacing volumetric integration with explicit primitive-based rasterisation, 3DGS achieves
real-time rendering and efficient optimisation, making it well suited for interactive reconstruc-
tion and embodied robotic systems. However, the absence of explicit topology motivates subse-
quent hybrid approaches that recover surface representations, such as meshes or signed distance

functions, from the learned Gaussian parameters.
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3.2 Image Similarity

3.2.1 Peak Signal-to-Noise Ratio (PSNR)

We first adopt the peak signal-to-noise ratio (PSNR) to measure pixel-wise reconstruction accu-
racy. PSNR similarity is computed between the ground-truth image / and the synthesized image

[ rendered from the reconstructed scene:

2

PSNR(7,]) = 10log,, (ﬁ) , (3.31)

where R; = 2F — 1 denotes the maximum possible pixel value for a k-bit image, and the Mean
Squared Error (MSE) is defined as

1 LH LW R )
MSE(I,]) = Inly & 21 (impn — tmn) - (3.32)
m=1in—

Here, Ly and Ly denote the image height and width, respectively, and i,, , and fm,n represent the
pixel intensities at location (m,n) in I and I. The logarithmic form compresses a wide range of
MSE values into a convenient scale and aligns the metric with the decibel (dB) representation
commonly used in signal processing. A higher PSNR indicates smaller pixel-wise reconstruction
error, but it does not explicitly capture perceptual or structural artefacts; therefore, PSNR is
reported together with SSIM and LPIPS.

PSNR provides a direct and interpretable measure of reconstruction fidelity, making it partic-
ularly suitable for evaluating the convergence behaviour and numerical stability of neural scene
representation methods. In the context of novel view synthesis, a higher PSNR indicates that the
reconstructed 3D scene representation can more accurately reproduce unseen views under the
assumed imaging model. Nevertheless, PSNR evaluates 3D scene representation quality purely
based on per-pixel squared error, and therefore does not explicitly account for human perceptual
sensitivity or structural consistency. In particular, spatially localised geometric artefacts, such
as blurred edges or ghosting effects caused by temporally misaligned observations, may lead
to limited changes in PSNR despite being visually salient. For this reason, PSNR is used in

conjunction with perceptual and structure-aware metrics in the subsequent evaluation.

3.2.2 Structural Similarity Index (SSIM)

To evaluate perceptual quality beyond pixel-wise differences, we employ the structural similarity

index (SSIM), which measures similarity in terms of luminance, contrast, and structure. The



CHAPTER 3. BACKGROUND 35

SSIM between I and I is defined as

(2urp; + kL) (20,7 + koLg)
(uf + u2 + ki L3) (0} + 02 + kaL3)’

SSIM(1,1) = (3.33)

where (; and ; denote the mean pixel intensities, 612 and GI? denote the variances, and o;; de-
notes the covariance between I and /. The constants k; and k, are stabilisation parameters, and
L, denotes the dynamic range of the image. SSIM correlates better with human visual perception
than PSNR and is particularly sensitive to geometric distortions such as blurred edges or incon-
sistent surface structures, which commonly arise when multi-view observations are temporally
misaligned.

Unlike pixel-wise metrics such as PSNR, the SSIM is designed to capture perceptual dif-
ferences by decomposing image similarity into luminance, contrast, and structural components.
This decomposition is motivated by the observation that the human visual system is more sensi-
tive to changes in local structure than to uniform shifts in pixel intensity. By explicitly modelling
the correlation between local image patches, SSIM places greater emphasis on preserving spatial
relationships and edge structures, which are closely tied to the underlying scene geometry. As
a result, SSIM is particularly effective in revealing geometric inconsistencies, such as blurred
surfaces, duplicated edges, or ghosting artefacts that may arise when multi-view observations
are temporally misaligned. From a system perspective, this property makes SSIM well suited
for evaluating networked 3D perception systems. Temporal inconsistency in the observation
set Q(¢) can violate the assumption of a shared scene configuration across views, leading to
structural distortions in the reconstructed representation. While such distortions may only in-
duce modest changes in pixel-wise error, they often result in a noticeable degradation of SSIM,
thereby providing a more sensitive indicator of geometry-related failure modes.

Nevertheless, SSIM remains a hand-crafted metric operating on local statistics and does not
explicitly encode higher-level semantic or perceptual priors. For this reason, SSIM is employed
alongside learned perceptual metrics in the subsequent evaluation to provide a more comprehen-

sive assessment of reconstruction quality.

3.2.3 Learned Perceptual Image Patch Similarity (LPIPS)

To further assess perceptual similarity, we adopt the learned perceptual image patch similarity
(LPIPS) metric [53]. Unlike hand-crafted metrics, LPIPS measures image similarity in the fea-
ture space of a deep convolutional neural network that has been empirically shown to correlate
well with human perceptual judgments. The underlying premise is that distances between deep
feature representations capture perceptually meaningful differences that are not well reflected
by raw pixel-wise comparisons.

In the #-th time slot, the LPIPS score between the ground-truth image / and the synthesized
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image 7 is computed as
LPIPS(I,1) =g(d(1,])), (3.34)

where d(+, ) denotes the feature-space distance and g(-) maps this distance to a scalar perceptual
similarity score. Specifically, the feature-space distance is defined as
Lol

d(LI) = 1_21 Tolw

2

. (3.35)

le o (10 _f(l))‘

where 1()(r) and I)(¢) denote the feature maps extracted from the I-th layer of a pretrained
convolutional neural network. Different layers capture image characteristics at different seman-
tic levels, ranging from local edges and textures in early layers to higher-level structures and
semantic patterns in deeper layers. The learned channel-wise weights w; balance the relative
contributions of different feature dimensions. By aggregating discrepancies across multiple fea-
ture layers, LPIPS provides a perceptual distance that is sensitive to high-level visual attributes
such as texture consistency, structural integrity, and semantic coherence. As a result, LPIPS is
particularly effective in revealing perceptual artefacts that may arise from temporally inconsis-
tent supervision. In the context of networked 3D perception, stale observations in the fusion set
Q(t) can introduce misaligned geometry or appearance inconsistencies that are weakly penalised

by pixel-wise metrics but manifest clearly as discrepancies in deep feature space.

Comparisons

Fig. 3.6 provides a qualitative comparison that illustrates the complementary behaviour of the
three evaluation metrics considered in this work. For a global brightness shift, which primarily
alters pixel intensities while preserving spatial structure, PSNR exhibits a noticeable degrada-
tion, whereas SSIM and LPIPS remain relatively stable. This reflects the fact that pixel-wise
metrics are sensitive to uniform intensity deviations, even when the underlying image structure
is largely unchanged. In contrast, structural distortions such as Gaussian blur lead to pronounced
reductions in SSIM and LPIPS, despite more moderate changes in PSNR. Blurring attenuates
high-frequency details and weakens edge consistency, which directly impacts structural and per-
ceptual similarity but may not substantially increase pixel-wise error. The most severe degrada-
tion is observed under ghosting artefacts, where duplicated or misaligned edges are clearly visi-
ble in the synthesized image. Such artefacts, which are characteristic of temporally inconsistent
or misaligned observations, are strongly penalised by SSIM and LPIPS, while PSNR alone may
underestimate their perceptual severity. This comparison highlights that no single metric fully
captures all aspects of reconstruction quality. Taken together, the results in Fig. 3.6 motivate the
joint use of pixel-level and perceptual metrics for evaluating neural 3D scene representations.
In particular, in timeliness-aware perception settings, temporal misalignment can manifest as

structurally and perceptually salient artefacts that are insufficiently reflected by pixel-wise fi-
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Reference Brightness shift Gaussian blur Local ghosting

PSNR 1t SSIM 1 LPIPS .

Brightness shift 18.45 0.8046 0.0276
Gaussian blur 24.99 0.8214 0.3234
Local ghosting 23.95 0.9329 0.0660

Figure 3.6: Examples illustrating the complementary behaviour of PSNR, SSIM, and LPIPS
under different reconstruction artefacts.

delity alone.



Chapter 4

Monocular-Camera-Based 3D Scene

Representation on Robotic Arm Platforms

4.1 System Overview

This chapter presents an embodied robotic framework for real-time 3D scene representation.
This robotic 3D scene representation platform was developed and deployed within the context
of the UK Atomic Energy Authority (UKAEA) RAICol project on real-time 3D reconstruction
and modelling for robotics applications.

Nuclear decommissioning environments provide a particularly relevant application context
for timeliness-aware 3D scene representation due to their hazardous, remote, and visually con-
strained operating conditions. In such scenarios, robotic teleoperation and remote inspection of-
ten rely heavily on continuously updated scene representations to maintain operator situational
awareness while minimising repeated exposure, traversal, or sensing operations. Consequently,
the contribution of this work is not the nuclear application itself, but the investigation of how em-

bodied sensing, communication-aware perception, and interactive 3D reconstruction can support

3D Scene
Representation

Haptic Device

3D Scene
Representation Backend

Figure 4.1: Overview of the embodied real-time 3D scene representation framework.

Hand-eye
calibration marker
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remote inspection tasks under practical operational constraints. The embodied robotic platform
considered in this chapter was developed and evaluated primarily within a controlled laboratory
environment in collaboration with the UKAEA RAICol project, rather than being directly de-
ployed inside active nuclear decommissioning facilities. The nuclear inspection context should
therefore be interpreted primarily as a motivating remote-inspection application scenario used
to guide the system design and operational requirements.

As illustrated in Fig. 4.1, a human operator teleoperates an industrial robotic arm using a
haptic device to acquire multi-view RGB observations. An eye-in-hand RGB camera rigidly
mounted on the end effector captures images while the system simultaneously recovers the cam-
era pose in real time via robot kinematics and hand—eye calibration. The image—pose stream is
then used to incrementally train a fast neural radiance field. The system performs online view
integration and generates intermediate 3D scene reconstruction updates within several seconds,
enabling temporally continuous scene feedback during robotic teleoperation. While low-level
robot control and image streaming operate at frame-rate timescales, the sampling interval of im-
ages for the 3D scene representation is at a second-level due to the operator and the movement
of the robotic arm; the 3D neural scene optimisation itself is updated at second-level latency
depending on scene complexity and GPU resources. The notion of “real-time” in this work is
task-dependent and interaction-oriented. The objective is not instantaneous convergence of the
neural representation, but maintaining sufficiently fresh scene updates for robotic perception and

teleoperation.

4.2 Hardware Design

4.2.1 Teleoperation Interface

The teleoperation interface of the proposed system is based on the 3D Systems Touch haptic
device. This grounded haptic device provides six-degree-of-freedom (6-DoF) positional input
through a stylus mechanism, allowing the operator to intuitively manipulate the viewpoint of the
robotic arm in Cartesian space.

The 3D Systems Touch device offers high-resolution position sensing within a compact
workspace. Although its physical range of motion is limited compared to the robot’s reachable
volume, its spatial precision enables fine-grained control during close-range inspection. The
internal servo loop operates at a high update rate, ensuring smooth and responsive interaction
between operator input and robot motion. Unlike discrete input devices such as keyboards or
joysticks, the haptic interface provides continuous spatial control. This continuous interaction
is particularly important for multi-view data acquisition, where smooth camera trajectories help
maintain temporal consistency between consecutive frames and reduce motion-induced artifacts.

Since the workspace of the haptic device is significantly smaller than that of the UR3e manip-
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ulator, a scaling transformation is applied between the stylus motion and the robot end-effector
displacement. Let p;,(¢) € R? denote the stylus position in the haptic coordinate frame, and
Pee(t) € R3 denote the commanded end-effector position in the robot base frame. The mapping

can be abstracted as a linear scaling transformation:

pee(t) = p(e)e+S (ph(t) _pg) 7S = diag(SX7sy7sZ)7 (41)

where p?, is the reference end-effector position, p2 is the neutral stylus position, S is a
diagonal scaling matrix. The scaling coefficients (sy,sy,s;) are selected to balance workspace
coverage and fine manipulation precision. Small stylus movements are mapped to proportional
Cartesian motions of the robot, allowing both coarse exploration and fine local adjustment.

A key advantage of using a haptic interface lies in the natural perception—action coupling it
enables. The operator can visually observe both real-time image feedback and intermediate 3D
scene representations and immediately adjust the viewpoint to compensate for under-sampled
regions. This interactive refinement process leads to a more diverse spatial distribution of view-
points compared to fixed pre-programmed trajectories. In practice, operators tend to focus on
visually salient or geometrically complex regions, which implicitly improves coverage of chal-
lenging surfaces. Therefore, the haptic interface does not merely provide motion input, but
actively shapes the data distribution used for neural 3D scene representations.

A clutching mechanism is implemented to allow repositioning of the stylus without com-
manding robot motion, preventing unintended large pose jumps. Additionally, safety con-
straints such as workspace limits and joint boundaries are enforced at the control layer to ensure
safe teleoperation. In summary, the 3D Systems Touch device provides an intuitive and high-
resolution human—machine interface for embodied multi-view data acquisition. Its integration
with the robotic manipulator enables interactive exploration, fine viewpoint control, and real-

time perception-driven adjustment during reconstruction.

4.2.2 Robotic Manipulator and Sensor Configuration

A Universal Robotics UR3e robotic arm is adopted as the viewpoint actuation platform for
multi-view data acquisition. The manipulator provides six revolute joints, enabling full spatial
positioning and orientation control of the end effector. Compared to heavier industrial manipu-
lators, the UR3e offers a compact footprint and sufficient positioning repeatability for tabletop-
scale reconstruction tasks. For real-time neural 3D scene representations, absolute positioning
accuracy 1is less critical than repeatability and smooth motion execution. Since camera poses
are derived from joint encoder readings through forward kinematics, consistent joint behavior
and low backlash are essential. The UR3e provides stable kinematic performance within its
operational envelope, allowing reproducible viewpoint trajectories across repeated experiments.

Additionally, the manipulator supports configurable velocity and acceleration limits. During
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image acquisition, motion speed is intentionally constrained to reduce motion blur and ensure
photometric consistency between consecutive frames. This design reflects a tradeoff between
acquisition speed and reconstruction fidelity.

The end-effector assembly consists of two primary components: (i) a Robotiq 2F-85 parallel
gripper, and (ii) a rigidly mounted RGB camera.

The Robotiq 2F-85 gripper is attached directly to the UR3e flange. The RGB camera is
mounted on a custom bracket integrated with the gripper assembly. This stacked configuration
ensures that the camera optical center remains mechanically fixed relative to the end-effector
structure. Any micro-flexibility between the gripper and camera mount could introduce subtle
pose inconsistencies, which would propagate into the image—pose stream used for neural field
optimization. The addition of the Robotiq 2F-85 and camera module alters the mass distribu-
tion of the end effector. This effect could be neutralized by adding payload weight in the UR3e
robotic arm manipulator settings. Sudden accelerations are avoided, as they may introduce vi-
bration that degrades image sharpness. The combined kinematic reach of the UR3e and the
compact experimental setup enables near half-hemispherical coverage around the target object.
By varying end-effector elevation and azimuth angles, the system can progressively reduce un-
observed regions. The presence of the gripper does not obstruct the primary field of view, as the
camera is positioned to avoid occlusion by the gripper fingers.

In summary, the UR3e manipulator, the Robotiq 2F-85 gripper, and the rigidly mounted
RGB camera together form an integrated sensing—actuation module. The manipulator provides
controlled and repeatable spatial motion, the gripper extends functional interaction capabili-
ties, and the eye-in-hand camera captures synchronized multi-view observations. This physical
configuration establishes a stable and versatile foundation for embodied real-time 3D scene rep-

resentation.

4.3 Hand-Eye Calibration and Real-Time Pose Recovery

To recover camera poses in the world frame during operation, the fixed hand-eye transformation
between the end effector and the camera is estimated via a ROS1-based hand—eye calibration
procedure. A planar fiducial target (QR code) placed on the worktable provides a stable visual

reference during calibration.

4.3.1 Coordinate Frames and Problem Formulation

The objective of hand-eye calibration is to estimate the constant rigid transformation between

the end-effector frame and the camera frame:

Te, (4.2)
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where E'E denotes the end effector frame of the robotic arm, W denotes the world frame, C
denotes the camera frame, and B is the robot base frame. Here TECE € R4*4 is the transformation
matrix expressing camera frame w.r.t. end-effector frame.

Once this transform is known, the camera pose in the world frame can be recovered online

through:

Ty (1) = Ty" (1) T (43)
where T,EE (7) is obtained from robot forward kinematics at time 7.

This formulation eliminates the need for external tracking systems or visual odometry during
runtime. The camera pose is determined purely from joint encoder readings and the calibrated

rigid transform. As a result, pose recovery is deterministic and free from drift accumulation.

4.3.2 Hand-Eye Calibration Procedure

The hand—eye calibration problem can be conceptually described as estimating the fixed rigid
transformation between the end effector and the camera, given a set of robot motions and corre-
sponding observed target motions.

During calibration, the robot is moved to multiple distinct poses. For each pose i, two quan-
tities are recorded: (i) the end-effector pose TW@E (i) obtained from forward kinematics, and (ii)
the observed pose of the fiducial target relative to the camera, denoted as TCF (0).

To eliminate dependence on the unknown world frame, relative motions between pose pairs

are constructed. For two robot configurations i and j, the relative end-effector motion is

A= (TEEG)) ™ 185 (), (4.4)

and the corresponding relative target motion observed by the camera is

By =TE () (TE (7)) (4.5)

The hand-eye relationship can then be expressed in the classical form

A;jX = XBjj, (4.6)

where X = TECE is the unknown rigid transformation between the end-effector and camera
frames.

In this work, the Tsai-Lenz method [84], implemented in the ROS1 Noetic package, is used
to solve this problem. The solution proceeds in two stages. First, the rotational component of X
is estimated by solving a linear system derived from the rotational parts of A;; and B;;. Once the
rotation is determined, the translational component is obtained via linear least-squares using the

previously estimated rotation.
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Calibration accuracy directly affects reconstruction convergence. Even small rotational er-
rors in TECE can propagate into systematic viewpoint misalignment, leading to blurred or distorted
neural reconstructions.

Once TECE is estimated, runtime pose recovery becomes computationally lightweight. In the
t-th time slot, an image /() is sampled from the camera. The corresponding camera pose in

homogeneous form is computed as

Ty (1) = Ti" (1) T (4.7)

For implementation, the minimal pose representation p.(¢), consisting of translation and
quaternion rotation, is extracted from Tuc; (). This computation involves only matrix multipli-
cation and is negligible compared to neural rendering costs. Therefore, pose recovery does not

introduce additional computational bottlenecks in the pipeline.

4.3.3 Time Synchronization

To ensure consistency between image capture and pose estimation, timestamps from the camera
driver and the robot controller are synchronized within the ROS1 middleware framework. Since
camera frames and joint states are published as independent ROS topics, their arrival times
are not inherently identical. Without synchronization, even small temporal offsets may lead to
incorrect pose association, particularly when the manipulator is in motion.

In the proposed system, each RGB image frame 1(z) is assigned the closest corresponding
joint state message based on timestamp matching. Specifically, the joint configuration whose
timestamp minimizes the temporal difference with the image frame is selected for forward kine-
matics computation. This strategy ensures that the computed end-effector pose Tv{fE(t) corre-
sponds as closely as possible to the actual camera exposure time.

Although the UR3e controller and the camera operate at different frequencies, their clocks
are aligned within the same ROS1 runtime environment, which limits synchronization error to
the millisecond scale. For moderate robot velocities used during data acquisition, such timing
deviations result in negligible spatial error.

In summary, the time synchronization mechanism ensures reliable image—pose pairing, which

is essential for stable and accurate online neural scene optimization.

4.4 Software Framework

4.4.1 Teleoperation Control

The teleoperation control pipeline maps haptic inputs to end-effector motion commands. Motion

generation is based on the RMPflow controller in Isaac Sim. In this thesis, RMPflow is used as a
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practical policy for generating smooth, constraint-aware motions (e.g., joint limits and collision
avoidance) while tracking operator-specified end-effector targets. The resulting commands are
executed on the physical UR3e via ROS1 interfaces.

The control loop operates continuously during teleoperation. Filtered pose commands from
the haptic interface are transmitted to the motion policy layer, which generates feasible joint-
space trajectories. These trajectories are streamed to the UR3e controller at a fixed update
frequency, ensuring smooth and stable camera motion during image acquisition. Velocity and
acceleration limits are explicitly enforced to reduce motion-induced image blur and maintain

photometric consistency across consecutive frames.

4.4.2 Data Acquisition Pipeline

During operation, the framework continuously collects RGB frames from the eye-in-hand cam-
era and associates each frame with a synchronized camera pose computed from TWC/ (t). These
paired observations {I;, T:5 (¢)} are streamed to the reconstruction module in an online fashion,
enabling incremental updates as new views arrive.

In practice, the data acquisition process follows a fixed runtime sequence. When an RGB
frame is received from the camera driver, the most recent synchronized joint state message is
retrieved. Forward kinematics is then applied to compute Tv{?E (t), and the calibrated hand-eye
transform is used to obtain T;; (7).

The recovered homogeneous transformation matrix is subsequently converted into the camera-
to-world convention required by the reconstruction backend. Specifically, the transform is re-
formatted to match the COLMAP-style [91] extrinsic representation used by our 3D scene rep-
resentation backend. This conversion is deterministic and corresponds to a fixed coordinate
transformation between the robot base frame and the reconstruction world frame.

Once converted, the image—pose pair is appended to a reconstruction buffer. The system
maintains a dynamically growing dataset during acquisition, which allows the reconstruction

module to access all previously observed views.

4.4.3 Preprocessing via Object Detection and Segmentation

Before being passed to the neural reconstruction module, the captured RGB frames undergo a
lightweight preprocessing stage. The primary objective of this step is to suppress background
clutter and focus the reconstruction process on the target object.

Specifically, a YOLO [32]-based object detector is applied to each incoming frame to obtain
a bounding box enclosing the main object of interest. A YOLO model has to be pretrained with
task-specific fine-tuning, as the bounding box provides a spatial prior for subsequent segmenta-
tion. Within the detected region of interest, a segmentation algorithm is applied to extract the

foreground mask. Unlike the detector, the segmentation stage does not require additional pre-
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training for the specific experimental setup. The segmentation mask isolates the object from the
background, reducing irrelevant visual information in the training data. The resulting masked
image retains the original camera pose TV[C, (t) computed from robot kinematics. Only pixel
intensities are modified, while geometric supervision remains unchanged. Specifically, the task-
irrelevant pixels (background) are replaced with transparent pixels in the alpha channel of PNG.
The masked image—pose pair is then forwarded to the reconstruction buffer.

This preprocessing stage improves reconstruction stability by reducing background inter-
ference, especially in indoor laboratory environments where static background structures may
otherwise dominate the neural optimization process. Furthermore, by concentrating training
rays on foreground regions, the effective utilization of GPU computation is improved, leading
to faster convergence for object-centric scenes.

Importantly, this step does not alter the deterministic pose recovery pipeline. It acts purely on
image content prior to neural training, and can be enabled or disabled depending on experimental

requirements.

4.4.4 Real-Time 3D Scene Representation

For real-time 3D scene representation, the system integrates a fast training neural radiance field
based on Instant-NGP. The 3D scene representation module incrementally incorporates newly
acquired views into the training set, enabling online refinement of the neural field as data is
collected. When the number of accumulated images exceeds a minimal initialization threshold
(typically greater than three views), an initial batch processing step is performed. During this
step, camera poses are normalized such that the geometric center of all camera positions is re-
centered as the origin of the reconstruction world frame. This normalization improves numerical
conditioning and stabilizes subsequent neural optimization.

After initialization, neural training proceeds incrementally. In the ¢-th time slot, the current
network parameters 6; are updated using all available image—pose pairs up to that moment.
When a new image—pose pair arrives, it is appended to the dataset, and optimization continues
from the previous parameter state rather than restarting from scratch. This warm-start strategy
enables smooth temporal refinement of the reconstructed scene. To further compensate for small
residual pose inaccuracies, an extrinsic refinement stage is integrated into the training loop.
Camera extrinsic parameters are jointly optimized with scene representation, allowing minor
pose corrections within bounded limits. This refinement mitigates small calibration biases or
timestamp-induced deviations without introducing global drift.

The operator retains the option to manually reset the training process in cases where the scene
configuration changes significantly or when experimental conditions require reinitialization.
Otherwise, reconstruction evolves continuously as new viewpoints are acquired. All reconstruc-
tion experiments in this chapter are executed on an RTX 4090 GPU. This hardware—algorithm

combination enables: (i) real-time addition of new viewpoints, (ii) incremental parameter up-
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(a) (b) (c)

Figure 4.2: (a) The tile in the real world; (b) 3DGS-based 3D scene representation with segmen-
tation; (c) Surface-continuous mesh reconstructed via PGSR.

dates within seconds, and (ii1) interactive monitoring of reconstruction progress. Consequently,
the system transforms neural 3D scene representation from an offline post-processing task into

a real-time embodied perception process.

4.4.5 Post-Processing to Surface-Continuous Mesh

While Instant-NGP enables real-time neural scene representation during data acquisition, certain
robotics applications require explicit geometric models rather than implicit neural fields. For
this purpose, the collected image-pose dataset is further post-processed to generate a surface-
continuous 3D mesh.

After data acquisition is completed, the full dataset {1, T;%(t)}"_, is exported in COLMAP-
compatible format. This dataset is then processed using Planar-based Gaussian Splatting (PGSR)
[83], which can be interpreted as a surface-regularized extension of 3D Gaussian Splatting. Un-
like purely volumetric neural fields, PGSR enforces local surface continuity constraints, leading
to geometrically coherent and watertight 3D scene representations.

The post-processing pipeline consists of: 1)Training a Gaussian-based scene representation
using the captured views, 2) Applying surface regularization to enforce local planarity and con-
tinuity, and 3) Extracting a triangulated mesh from the optimized representation.

In practice, for tabletop-scale scenes captured in this framework, the full post-processing
pipeline completes within approximately 30 minutes on an RTX 4090 GPU. The resulting mesh
provides explicit geometry, which can be directly used for visualization, inspection analysis,
simulation, or downstream robotic planning tasks. The integration of PGSR as an offline post-
processing stage complements the real-time NeRF-based visualization. The former provides
interactive feedback during acquisition, while the latter yields high-fidelity surface models for
deployment-level use. Together, these two stages establish a practical pipeline from embodied

data collection to deployable 3D geometric assets.
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4.5 Extension: Active Viewpoint Planning for Human Pref-

erence Driven 3D Scene Representations

Beyond teleoperation-based data acquisition, the embodied reconstruction platform developed
in this chapter also provides a practical testbed for studying active viewpoint planning in robotic
perception systems.

In teleoperation mode, the operator manually explores the scene while the system contin-
uously records synchronized image—pose pairs and updates the neural scene representation.
Although this human-in-the-loop strategy provides strong flexibility, it does not scale well to
long-duration inspection tasks, nor does it provide an objective mechanism for optimizing view-
point selection. To address this limitation, the same perception—action pipeline can be extended
to support algorithmic next-best-view (NBV) planning. Specifically, the deterministic pose re-
covery mechanism, real-time neural reconstruction module, and dataset buffering architecture
introduced earlier form a closed-loop environment in which viewpoint policies can be evaluated
and optimized in real time.

Building upon this infrastructure, we developed a preference-driven active 3D scene repre-
sentation framework that integrates expert operator feedback into robotic viewpoint planning.
Instead of relying solely on geometric uncertainty or photometric reconstruction metrics, the
proposed approach learns a viewpoint selection policy based on Reinforcement Learning from

Human Feedback (RLHF) collected from 3D scene representations.

4.5.1 System Overview

The overall framework is illustrated in Fig. 4.3. The system integrates robotic data acquisition,
neural scene representation, and reinforcement learning from human feedback into a unified
closed-loop optimization process.

The RLHF-based viewpoint planning pipeline consists of five main stages.

1) Robotic exploration and trajectory generation: At each time step, the robotic arm
moves to a candidate camera pose and captures an RGB observation together with the corre-
sponding camera pose. These observations are accumulated to form viewpoint trajectories that
serve as the input for the reconstruction pipeline.

2) Expert preference evaluation: 3D scene representations reconstructed from different
viewpoint trajectories are presented to expert operators through an interactive interface. The op-
erators compare the reconstructed scenes and indicate which result better satisfies task-specific
visualization requirements.

3) Reward model learning: The collected pairwise preferences are used to train a reward
predictor that estimates the quality of viewpoint trajectories. This learned reward model serves

as a surrogate objective that approximates human evaluation of reconstruction quality.
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4) Policy optimization: Using the learned reward model, a viewpoint selection policy is
optimized through deep reinforcement learning. In our implementation, the Proximal Policy
Optimization (PPO) algorithm is employed to maximize the expected cumulative reward over
viewpoint trajectories.

5) Online iterative refinement: The optimized policy is deployed on the robotic platform
to generate new viewpoint trajectories. The resulting reconstructions can again be evaluated by
expert operators, allowing additional preference data to be collected and incorporated into the
training process, thereby progressively improving the policy.

During operation, the robotic arm executes viewpoint trajectories generated by a learned
policy rather than manual teleoperation. At each viewpoint, the onboard RGB camera captures
an image while the robot controller records the corresponding camera pose. These image—pose
pairs are immediately integrated into the neural scene representation pipeline, producing an
updated 3D reconstruction of the scene.

The reconstructed models are then presented to expert operators through an interactive visu-
alization interface, where different viewpoint trajectories can be compared. The operator selects
the preferred reconstruction result, providing human feedback that reflects task-specific visual-
ization requirements.

This feedback is subsequently used to train a reward model, which estimates the quality of
viewpoint trajectories. The learned reward is then used to optimize a viewpoint policy through
deep reinforcement learning, allowing the robotic system to automatically discover trajectories

that generate preferred 3D scene representations.

4.5.2 RLHF Formulation for Viewpoint Optimization

The active viewpoint planning problem can be formulated as a sequential decision-making pro-
cess, where a robotic agent selects camera viewpoints to progressively improve the quality of a

3D scene representation.

State representation In the 7-th time slot, the state s; encodes the current observation of the
scene, including the captured RGB image and its associated camera pose. In practice, the RGB

observation is processed by a visual feature extractor to produce a compact feature representation

0, = Fo(l)) € RY, (4.8)

where I; denotes the captured image and .%,(+) represents the feature extraction network. In
practice it is represented by the backbone of a pretrained YOLOv11 model. The state s; therefore

summarizes the information available to the agent for selecting the next viewpoint.
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Figure 4.3: Overview of the preference-driven active 3D scene representation framework built
upon the embodied reconstruction platform described in this chapter. The figures are reproduced
from our related publication.
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Action space The action s; corresponds to selecting a candidate camera pose within the reach-

able workspace of the robotic manipulator. In the 7-th time slot, the action is defined as

a, = {a(t),a2(1), ... ax (1)}, (4.9)

where each action represents a predefined viewpoint parameterized by a six-dimensional
pose (position and orientation) of the camera. Executing action a; moves the robotic end-effector
to the corresponding viewpoint and triggers image acquisition. The candidate viewpoints con-
sidered in this chapter are sampled from a predefined discrete viewpoint set surrounding the
target object, as illustrated in Fig. 4.3, rather than being generated through continuous pose op-
timisation in the full robot configuration space. Consequently, the reinforcement learning policy
operates by selecting viewpoints from a finite action space under visibility and reconstruction-

quality considerations.

Trajectory generation A sequence of observations and actions generated during exploration

forms a trajectory

T = (s1,a1,82,a2,...,S7,ar), (4.10)

which determines the set of captured images used to reconstruct the 3D scene representation.

Preference-based reward modelling Defining an explicit reward function for viewpoint plan-
ning is challenging because reconstruction quality depends on task-specific and often subjective
criteria. Instead of manually specifying the reward, we adopt RLHF to infer the reward function
from expert preferences.

Specifically, expert operators are presented with pairs of reconstructed scenes generated from

two trajectories 7; and 7;. The operator indicates a preference

L, ifg>r7;
yij == ) (4.1 1)
0, otherwise,

where 7; > 7; indicates that trajectory 7; produces a more desirable scene reconstruction.
A reward predictor 74(s,a), parameterized by ¢, is trained to approximate the latent hu-
man reward signal. Following the standard preference-learning formulation, the probability that

trajectory 7; is preferred over 7; is modeled as

exp (Zz%(shag)) ‘
exp (X1 7o (s),a)) +oxp (L 7o s/ /)

Given a dataset of preference comparisons 2 = {(7;, 7, yij)}, the reward model is trained

P(”L’i >~ Tj) = 4.12)

by minimizing the cross-entropy loss
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Policy optimization Once the reward function is learned, the viewpoint selection policy 7g (a|s)

is optimized to maximize the expected cumulative reward

J(Q) - ETN”G

T
y y’—lm,(st,a,)] . (4.14)
t=1

In this work, the policy is optimized using the PPO algorithm, which performs stable policy
gradient updates while constraining large deviations between successive policies. This enables
efficient learning of viewpoint selection strategies that align with operator preferences while

maintaining robust robotic exploration behaviour.

4.5.3 Experimental Validation

The proposed framework was experimentally validated on a real robotic inspection platform.
The system employs a Universal Robots UR3e robotic manipulator equipped with an Intel Re-
alSense D4351 RGB camera mounted on the end-effector. The UR3e provides six degrees of
freedom (DOF) and a repeatability of approximately +0.03 mm, enabling precise and repeat-
able viewpoint positioning during the inspection process. The D435i camera is adopted for its
easy connectivity with the ROS module and its accurate out-of-the-box intrinsics. In experiment,
the depth channel output was never taken into any calculations.

To support both real-time robot control and computationally intensive 3D scene represen-
tation and reinforcement learning processes, the experimental testbed adopts a distributed ar-
chitecture consisting of two computing servers. The robotic control server executes motion
trajectories and processes sensor feedback through a ROS-based control framework. Motion
generation is implemented using the Riemannian Motion Policy flow (RMPflow) motion plan-
ning module in NVIDIA Isaac Sim [93], while joint motion execution is handled through the
Movelt kinematics plugin to ensure smooth and collision-free movements. A second server per-
forms the deep reinforcement learning optimization and neural 3D scene representation tasks.
Captured RGB images and corresponding camera poses are transmitted from the control server
to the learning server, while optimized target viewpoints are returned to the robot controller,
forming a closed-loop perception—action pipeline.

Experiments were conducted in a representative nuclear decommissioning inspection sce-
nario. The task focuses on the 3D visualization and inspection of reactor tiles used in fusion
reactor environments. These tiles are typically composed of beryllium-coated Inconel and ar-
ranged in a slightly inclined structure to regulate plasma circulation within the reactor core.

Damage or degradation of such components can lead to serious operational risks, making accu-
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Figure 4.4: Experimental setup of the RLHF-based 3D scene representation system. The setup
consists of a UR3e robotic arm with an Intel RealSense D435i camera, controlled via a ROS-
based framework. A control server handles motion execution, while a RL server optimizes
viewpoint selection based on human feedback. A File Transfer Protocol (FTP) ensures efficient
data transfer, enabling real-time policy refinement for 3D scene representation.

rate visual inspection a critical requirement. To emulate this inspection scenario in a controlled
laboratory setting, high-fidelity full-scale 3D printed replicas of reactor tiles were used as ex-
perimental targets.

The broader embodied framework introduced earlier in this chapter describes the general
robotic teleoperation and reconstruction pipeline considered throughout this work. In contrast,
the setup shown in Fig. 4.4 corresponds specifically to the experimental platform used for the
quantitative evaluations presented in this chapter. A simplified and more controlled hardware
configuration was adopted in order to improve experimental reproducibility and reduce platform-
specific variability during reconstruction and viewpoint-selection evaluation.

Before data acquisition, a hand—eye calibration procedure was performed to estimate the
transformation between the camera coordinate frame and the robotic base frame. This calibra-
tion ensures accurate association between captured images and camera poses, which is essential
for reliable multi-view 3D scene reconstruction. During the experiments, the robotic arm au-
tonomously explores the inspection object by executing viewpoint trajectories generated by the
learned policy. At each selected viewpoint, the RGB camera captures an image and records the
corresponding pose, which are subsequently used to update the 3D scene representation.

To incorporate human preferences into the viewpoint optimization process, expert operators
from the UK Atomic Energy Authority (UKAEA) participated in the evaluation stage. Five
experienced personnel familiar with nuclear inspection tasks were recruited to provide prefer-
ence feedback on 3D scene representations. During the experiment, a total of 400 reconstructed
scenes were generated under different viewpoint trajectories and exploration conditions. These

reconstructions were paired into 200 comparison groups, and expert operators were asked to
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Figure 4.5: User interface for preference-based 3D scene selection and comparison.

indicate which 3D scene representation better satisfied the inspection requirements. The col-
lected pairwise preference data were then used to train the reward predictor within the RLHF
framework. Fig. 4.5 illustrates the user interface used for preference-based 3D scene evalua-
tion and viewpoint optimisation. The interface allows users to compare different reconstructed
3D scene representations through interactive inspection, including zooming, rotation, and de-
tailed visual examination. User selections are subsequently used to train a reward predictor for
preference-aware viewpoint optimisation. The illustrated line trajectories indicate the viewpoint
selection order rather than the actual robotic motion trajectory. In practice, the physical UR3e
robot motion is generated separately using the Isaac Sim motion planner to ensure smooth and
kinematically feasible execution. In particular, the ordering and policy identity of the compared

trajectories were not disclosed to the participants during evaluation.

4.5.4 Convergence of Proposed Algorithm with Different 3D Representa-
tion Methods

We first analyze the convergence behavior of the proposed RLHF framework when applied to
different 3D scene representation pipelines. Specifically, the policy is trained using three repre-
sentative reconstruction methods: Instant-NGP, 3DGS, and PGSR.

As shown in Fig. 4.6, the learning curves exhibit stable convergence across all three represen-
tations. The reward value increases steadily during training and eventually stabilizes, indicating
that the policy progressively learns to select viewpoints that better align with expert preference
feedback. This result demonstrates that the proposed framework is not tied to a specific recon-
struction method and can generalize across different scene representation paradigms.

To ensure statistical reliability, each experiment was repeated five times with different ran-

dom seeds. The mean reward and corresponding standard deviation are reported to evaluate the
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Figure 4.6: Convergence performance of our proposed framework across different 3D scene
representation methods.
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Figure 4.7: Comparative Visualization of Trajectory Efficiency.

robustness of the training process. The relatively small variance across runs indicates that the
learned policy consistently converges to similar viewpoint selection strategies. Overall, these
results confirm that incorporating human preference feedback enables the system to efficiently
guide robotic exploration toward viewpoints that improve the perceptual quality of the recon-

structed scenes.

4.5.5 Effectiveness Verification of Proposed Framework with Different View-
point Numbers
To investigate the impact of viewpoint density on 3D scene representation performance, we

evaluated the proposed framework under different numbers of captured images. The evalua-

tion considers both reconstruction fidelity and task execution time. Reconstruction quality is
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Table 4.1: Comparative Analysis of Different Viewpoint Numbers with Task Times and Repre-
sentation Performance
Number of Photos 5 8 10 13 15 20
Average Task Time (s) | 26.34 | 34.72 | 3891 | 50.18 | 57.44 | 76.21
Average PSNR 20.19 | 20.87 | 21.83 | 21.46 | 22.79 | 22.73
Average SSIM 0.8266 | 0.8472 | 0.8760 | 0.8715 | 0.8808 | 0.8841
Average LPIPS 0.1813 | 0.1654 | 0.1412 | 0.1468 | 0.1215 | 0.1261

measured using PSNR, SSIM, and LPIPS, while the total task time reflects the efficiency of the
robotic data acquisition process.

As shown in Tab. 4.1, increasing the number of viewpoints generally improves the fidelity,
leading to higher PSNR and SSIM values and lower LPIPS scores. However, this improvement
comes at the cost of longer robotic exploration time. For instance, using twenty viewpoints
achieves the highest SSIM value of 0.8904 and a PSNR of 22.74, but the average task time
increases to 76.21 seconds.

The slight performance fluctuations observed around N = 13 and N = 20 are believed to be
associated with training variance and incomplete policy convergence under larger viewpoint-
selection spaces. Nevertheless, the overall trend still indicates that increasing the number of
viewpoints generally improves reconstruction fidelity at the cost of longer task duration.

In contrast, using ten viewpoints achieves a favorable trade-off between reconstruction qual-
ity and acquisition efficiency. With ten images, the system reaches a PSNR of 21.83, an SSIM
of 0.8760, and an LPIPS of 0.1412, while maintaining a significantly lower task time of 38.91
seconds. Based on this observation, ten viewpoints were adopted as the default configuration
in the subsequent experiments, as it provides a balanced compromise between reconstruction

accuracy and robotic motion efficiency.

4.5.6 Evaluations on Different Expert Operators

To further analyze the influence of human preferences on viewpoint planning, we conducted ex-
periments involving five expert operators. Each operator independently evaluated reconstructed
scenes and selected viewpoints according to their individual inspection preferences. These
operator-specific selections were then used to construct five sets of ground-truth viewpoints.
Following the proposed framework, separate policies were trained using preference data
from each operator. For evaluation, the reconstruction results were rendered from four preference-
specific viewpoints corresponding to each operator and compared with the respective ground-
truth images using PSNR. The results summarized in Tab. 4.2 show that when the evaluation is
performed using a fixed ground-truth set, the policy trained using the corresponding operator’s
preference consistently achieves the highest or near-highest PSNR values. This observation in-
dicates that the proposed framework effectively captures operator-specific inspection priorities.

Moreover, it demonstrates that RLHF enables the viewpoint policy to adapt to personalized visu-
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Table 4.2: Comparative Analysis of representation performance with different expert operators

Average PSNR/Operator 1 2 3 4 5
Ground Truth - 1 22.23 | 20.89 | 22.00 | 21.33 | 21.33
Ground Truth - 2 21.85 | 25.28 | 19.94 | 20.37 | 21.52
Ground Truth - 3 21.48 | 21.38 | 22.18 | 20.37 | 22.34
Ground Truth - 4 22.51 | 23.16 | 21.50 | 23.72 | 21.85
Ground Truth - 5 21.38 | 22.68 | 22.19 | 21.74 | 23.35

alization requirements, which is particularly important in industrial inspection scenarios where
operators may focus on different regions of interest.

Interestingly, disagreements between operators may themselves provide useful insight into
the proposed framework. Different operators may implicitly prioritise different aspects of the
reconstruction process, such as global scene coverage, local geometric detail, trajectory effi-
ciency, or inspection confidence. This suggests that there may not exist a single universally
optimal viewpoint policy for all users or operational contexts. Instead, the observed variability
further motivates the need for adaptive and task-oriented 3D scene representation frameworks

capable of incorporating different human preferences and inspection objectives.

4.5.7 Comparison of 3D Scene Representations Quality and Trajectory

Efficiency on Different Baselines

We further compare the proposed method with two baseline viewpoint planning strategies: ran-
dom viewpoint sampling and the FisherRF strategy [94]. The evaluation considers both recon-
struction fidelity and robotic trajectory efficiency.

As shown in Tab. 4.3, the proposed algorithm consistently produces shorter exploration tra-
jectories while maintaining competitive or superior reconstruction quality across different scene
representation methods. Specifically, the average robotic path length of the proposed method
is 2.34 meters, which is shorter than both the random policy (3.28 meters) and FisherRF (2.61
meters), indicating improved motion efficiency.

In terms of reconstruction quality, the proposed method achieves PSNR values of 22.33 for
Instant-NGP and 23.54 for 3DGS, together with competitive SSIM and LPIPS scores. These
results demonstrate that the RLHF-based viewpoint planning strategy enables the robotic sys-
tem to prioritize informative viewpoints rather than uniformly sampling the entire workspace,
thereby improving both representation quality and exploration efficiency. PGSR is not included
in the quantitative comparison because it primarily targets offline surface-consistent refinement
rather than incremental online reconstruction during viewpoint selection. Consequently, it is
not directly comparable to Instant-NGP or 3DGS within the interactive reconstruction setting

considered in this experiment.
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Table 4.3: Comparative Analysis of Proposed Algorithm Performance Across Different 3D Rep-
resentation Methods

Random Policy FisherRF Strategy | Proposed Algorithm
Approaches Instant-ngp | 3DGS | Instant-ngp | 3DGS | Instant-ngp [ 3DGS
Average Path Length (m) 3.28 2.61 2.34
Average PSNR 16.27 18.32 23.10 23.16 22.33 23.54
Average SSIM 0.812 0.8341 0.9007 0.97 0.885 0.879
Average LPIPS 0.234 0.201 0.1107 0.039 0.109 0.0426
Random Pollcy FisherRF Strategy | | Our Proposed Algorithm
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Figure 4.8: Comparative Visualization of Local Fidelity.

4.5.8 Comparative Visualization of Trajectory Efficiency and Local Fi-
delity

To provide further insight into the behavior of the proposed algorithm, we visualize the gener-
ated robotic trajectories and the resulting reconstructed scenes. As illustrated in Fig. 4.7, the
trajectories produced by the proposed policy exhibit smoother and more structured exploration
patterns compared with baseline methods.

In addition to trajectory efficiency, we also examine the visual quality of reconstructed re-
gions. Fig. 4.8 presents representative rendering results from different viewpoint planning strate-
gies. The proposed algorithm tends to focus on geometrically complex or visually important re-
gions of the object, resulting in clearer reconstruction of occluded or detailed areas. In contrast,
random viewpoint selection often fails to capture these critical viewpoints, leading to missing
details or blurred structures.

These qualitative observations are consistent with the quantitative results presented earlier.
Overall, the RLHF-based viewpoint planning strategy improves both robotic exploration effi-
ciency and local reconstruction fidelity, making it particularly suitable for inspection tasks where

detailed visualization of specific regions is required.
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4.6 Discussion

The results presented in this section highlight an important capability of the monocular robotic
3D scene representation system developed in this chapter. The proposed embodied reconstruc-
tion framework provides not only a mechanism for collecting image—pose pairs through tele-
operated robotic exploration, but also a structured data acquisition pipeline that can support
algorithmic viewpoint optimization.

In particular, the deterministic image—pose streaming mechanism introduced earlier in this
chapter ensures reliable synchronization between captured RGB observations and robotic poses.
Combined with the real-time neural reconstruction module, the system enables incremental
scene updates as new viewpoints are acquired. This tight coupling between robotic motion and
3D scene representation creates a closed-loop perception pipeline that is well-suited for active
perception algorithms.

Building upon this infrastructure, the RLHF-based viewpoint planning strategy presented in
this extension demonstrates how the same reconstruction system can be leveraged for automated
viewpoint selection. Instead of relying solely on manual teleoperation, the robotic arm can learn
exploration policies that prioritize task-relevant viewpoints based on expert operator feedback.

Although the proposed framework enables interactive second-level reconstruction updates,
fully converged high-fidelity neural scene reconstruction during continuous robotic operation
remains computationally demanding with current hardware and rendering pipelines. As a result,
the embodied robotic platform in this thesis primarily serves as a motivating and representative
system context for studying timeliness-aware perception and communication strategies.

These results suggest that the embodied monocular 3D scene representation platform pro-
posed in this chapter can serve as a general experimental testbed for studying active perception
in robotic 3D scene representation. Such capability is particularly valuable in inspection sce-
narios, where robotic systems must balance reconstruction quality, exploration efficiency, and

operator-specific visualization requirements.



Chapter 5

The Timeliness—Fidelity Tradeoff in

Multicam Telepresense

5.1 Motivation and Scope

Real-time 3D scene representation is a system-level capability that enables robotic operation in
dynamic and networked environments. Its usefulness depends not only on geometric or photo-
metric fidelity, but also on temporal validity: a high-quality reconstruction becomes ineffective
if it is based on stale observations. Classical multi-view reconstruction and neural rendering
pipelines are typically developed under two assumptions: (i) the scene is static over the acquisi-
tion window and (ii) sufficient computation time is available. Robotic perception violates both
assumptions. Scenes evolve due to robot motion, object dynamics, and human interaction, while
perception outputs are consumed immediately by downstream modules such as teleoperation in-
terfaces, planners, and controllers.

This chapter studies the resulting timeliness-fidelity tension in networked 3D scene repre-
sentations. Using only the most recent observations improves responsiveness but reduces multi-
view coverage and may lead to underconstrained reconstructions. Conversely, waiting for ad-
ditional views improves geometric constraints but increases temporal misalignment, which can
introduce artefacts in dynamic scenes. Rather than proposing a new reconstruction method, we
develop a communication-aware analytical framework that isolates how stochastic transmission
delays and freshness-based selection policies affect reconstruction quality.

The analysis in this chapter provides a baseline understanding of the timeliness—fidelity
tradeoff under simplified but principled assumptions, and serves as the foundation for Chap-
ter 6, where task objectives and semantic relevance are incorporated into adaptive scheduling.
The main contributions of this chapter are threefold.

1) Formalisation of the timeliness—fidelity tradeoff in real-time 3D scene representation.
We identify and explicitly formulate the fundamental tension between information freshness and

reconstruction quality in networked robotic perception systems. While classical 3D scene repre-
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sentation pipelines focus primarily on fidelity, this chapter introduces timeliness as a first-class
objective and establishes a unified perspective for analysing real-time 3D scene representations
under communication delays.

2) Aol-Aware 3D scene representation sensor system modelling. We develop a princi-
pled framework in which multiple cameras transmit observations over stochastic communica-
tion channels to an edge server for reconstruction. The scheduling problem is formulated using
Aol as a measure of data freshness, enabling a unified description of update delays, waiting
strategies, and reconstruction quality. This model captures the essential dynamics of networked
real-time 3D scene representation while remaining analytically tractable.

3) Tradeoff analysis and learning-based scheduling strategies. Within the proposed
framework, we investigate both threshold-based strategies and reinforcement learning-based
scheduling, revealing a non-trivial relationship between update frequency, waiting time, and
reconstruction quality. The results demonstrate that aggressive updates are not always optimal,
and that appropriately designed waiting strategies can significantly improve overall scene repre-

sentation performance.

5.2 From Age of Information to Timeliness-Aware 3D Scene

Representation

5.2.1 Prerequisite on the Age of Information

Classical communication system design has long relied on delay-centric metrics such as packet
latency, throughput, and packet loss rate to characterize network performance. These metrics
are well-suited for applications in which each packet is equally valuable and in which outdated
information does not fundamentally alter system behavior. However, for systems that operate
in dynamic environments—such as remote monitoring, control, and sensing—these traditional
metrics are insufficient. In such systems, the timing of information delivery is often more critical
than the successful delivery of every packet. An update that arrives too late may be rendered
useless, regardless of its accuracy.

The Aol was originally introduced to characterize information freshness in networked moni-
toring and control systems, where the system state evolves continuously over time, and outdated
information may lose its utility even if delivered reliably. It is formulated [15] as a metric that
captures the time elapsed since the most recently received update was generated, rather than the
transmission delay of individual packets.

Consider a source that generates time-stamped updates, the Aol A(¢) this sensor in the z-th

time slot is defined as:

Alt)=t—-U(1), (5.1)
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Figure 5.1: Illustration of the Age of Information (Aol) evolution over time.

where U (t) is the time of generation of the latest update that arrived at the #-th time slot.

The temporal evolution of Aol over time is illustrated in Fig. 5.1. Between two consecutive
update receptions, the Aol increases linearly with unit slope, reflecting the fact that the infor-
mation available at the receiver becomes progressively older. When a new update generated at
time U (t;) is successfully received at time #;, the Aol drops instantaneously to #; — U (¢;), which
corresponds to the transmission delay of that update. Importantly, the reset value of Aol de-
pends on the generation time of the received update rather than on the reception time itself. As
a result, delayed reception of stale updates leads to a higher Aol after the reset, highlighting the

distinction between information freshness and packet delay.

5.2.2 Discrete-Time Aol Dynamics and Stochastic Update Models

In many practical systems, as shown in Fig. 5.2, including slotted wireless networks and digital
sensing pipelines, time is naturally discretized. Specially in the (7 4 1)-th time slot, the Aol

process {A, (¢ + 1)} of the n-th sensor then evolves according to

t+1-U(t+1), ifanupdateisreceivedats+1,
At +1) = (5.2)
An(t)+1, otherwise.

This piecewise-linear evolution highlights that Aol is fundamentally a stochastic process
whose dynamics are jointly determined by the update generation mechanism, the service process
of the communication system, and the scheduling policy. In contrast to classical delay analysis,
where packets are treated independently, Aol couples the temporal statistics of packet generation

with the queueing behavior of the network.
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Figure 5.2: The stair-step function of Aol evolution over time.

From a queueing-theoretic perspective, Aol depends on two interacting components: the
inter-generation time of updates and the service time distribution of the communication sys-
tem. Let Gy denote the inter-generation times between consecutive updates and Sy denote the
corresponding service times. Even when updates are generated periodically, i.e., Gy = G for
all k, randomness in the service times Sy, caused by channel fading, contention, or retransmis-
sions—induces stochasticity in the Aol process. Conversely, when service times are determinis-
tic, but update generation is stochastic, randomness in Gy alone is sufficient to create variability
in Aol trajectories.

Early Aol studies characterized the interaction between update generation and transmission
using classical queueing models, most notably variants of the M/M/1 system [15,20]. It is of-
ten beneficial to interpret these models through a two-stage buffering abstraction, which can
be formalized as an M/M/1/1 queueing system. Under this formulation, update arrivals at the
source are modeled as a Poisson process with rate A, while the service process at the receiver
is modeled as an exponential random variable with rate (. The first stage represents buffering
at the source side, where generated updates may accumulate when the downstream server is
occupied. The second stage represents a single-server system at the receiver side, encompass-
ing transmission, reception, and any subsequent processing required before the update becomes
available for decision-making. Within the M/M/1/1 framework, updates generated during pe-
riods in which the receiver-side server is busy cannot be immediately served and are therefore
delayed at the source. As a consequence, the update that eventually reaches the receiver may
have been generated significantly earlier than its reception time. From an Aol perspective, this
distinction is critical: although packets are successfully delivered, their generation timestamps
may be substantially outdated, leading to large Aol values upon reception.

This two-stage interpretation clarifies the fundamental difference between packet delay and



CHAPTER 5. THE TIMELINESS-FIDELITY TRADEOFF IN MULTICAM 63
TELEPRESENSE

A (t) —— Moderate update rate (A < )
—— Excessive update rate (1 > p)

> e

Figure 5.3: The stair-step function of Aol evolution over time.

information freshness. Even when the average system delay remains moderate, queueing at the
source can cause stale updates to accumulate. During extended receiver-side busy periods in-
duced by long service times, fresher updates are blocked from entering service, allowing the
Aol to increase linearly until the server becomes available again. The Aol reset upon reception
therefore reflects the age of the update that survives the queueing process, rather than the most
recently generated information. Extensions to M/D/1/1 and D/M/1/1 systems further isolate
the effects of update generation and service time variability. In M/D/1/1 systems, randomness
arises primarily from the update arrival process, whereas in D/M/1/1 systems, updates are gener-
ated periodically but experience stochastic service times. Analytical results under these models
demonstrate that deterministic update generation alone is insufficient to guarantee low Aol when
service times exhibit significant variability.

The freshness of an update depends not only on the mean service time E[S], but also on
higher-order moments of the service time distribution, such as E[S?] [15]. Service time distri-
butions with high variance or heavy-tailed behavior can substantially increase average Aol A,,
even when average packet delay remains bounded. This effect arises because prolonged service
times effectively block the receiver-side server, preventing the timely delivery of fresher updates.
This queueing-theoretic perspective motivates Aol-aware queue management strategies, includ-
ing packet replacement and last-come-first-served disciplines with preemption, which prioritize
fresh updates and suppress stale information [15,20]. Such mechanisms are particularly rele-
vant for perception systems, in which both transmission and downstream processing introduce
non-negligible and highly variable service times.

Increasing the update generation rate does not necessarily reduce the resulting Aol. This non-
monotonic behavior has been rigorously established in a variety of queueing models, including
M/M/1, M/D/1, and related systems [16,17]. As illustrated in Fig. 5.3, consider a single-source
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system in which updates are generated according to a Poisson process with rate A and served
by a single server with service rate yt. When A approaches or exceeds i, the system becomes
congested, and newly generated updates must wait behind previously generated ones. As a
consequence, the update that is eventually delivered to the receiver may have been generated
significantly earlier than its reception time. During such busy periods, the Aol increases linearly
until service resumes, resulting in large Aol values despite high transmission activity.
Analytical expressions for the average Aol in such systems reveal that Aol depends not only
on the update generation rate A, but also on the interaction between A and the service process.

In particular, the average Aol of the n-th sensor typically admits a form

where g(-) is not monotonically decreasing in A. As a result, the Aol-minimizing update rate is
often strictly smaller than the maximum feasible generation rate, implying that excessive update
generation can be detrimental to information freshness. To mitigate this effect, several works
have investigated queue management and service discipline design for Aol optimization. Last-
come-first-served (LCFS) queues with preemption have been shown to significantly reduce Aol
by prioritizing the service of fresh updates and suppressing stale ones [15,20]. Similarly, packet
dropping and update skipping strategies can improve Aol performance by preventing obsolete
updates from occupying the service queue. These results demonstrate that Aol optimization is
inherently tied to queueing dynamics and service discipline, rather than being a simple conse-
quence of average delay reduction. In multi-source systems, queueing effects become even more
pronounced. When multiple update streams share a common server, the Aol of each source de-
pends not only on its own generation and service processes but also on the scheduling decisions
that determine which source is served at each time slot. This coupling leads to complex tradeoffs
between fairness and freshness, and has motivated the development of Aol-aware scheduling
policies that explicitly account for queue states and service time distributions [18,19].

Overall, queueing-theoretic analysis reveals that Aol captures a fundamentally different as-
pect of system performance than classical delay metrics. By explicitly linking update gener-
ation, service time variability, and scheduling decisions, Aol provides a principled framework
for reasoning about information freshness in stochastic networked systems. These insights are
critical when extending Aol-aware modeling to perception pipelines, where visual updates are
high-dimensional, costly to transmit, and subject to heterogeneous service times. A commonly
studied model assumes that updates are generated according to a renewal process and transmit-
ted over a channel with random service times. Under such models, Aol exhibits a sawtooth
pattern whose statistical properties depend on both the update rate and the service time distribu-
tion. Closed-form expressions for average Aol have been derived for various queueing systems,
revealing non-trivial tradeoffs between update frequency and information freshness [16,20].

Importantly, these results demonstrate that increasing the update rate does not always reduce
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Aol. Beyond a certain point, excessive updates may congest the system and increase waiting
times, leading to higher Aol. This phenomenon already suggests that timeliness optimization is
fundamentally coupled with resource constraints.

Early studies demonstrated that minimizing average packet delay or maximizing throughput
does not necessarily minimize A, [16, 17]. In particular, transmitting outdated packets aggres-
sively may reduce delay while increasing Aol, as fresher updates are delayed or dropped. This
mismatch reveals a fundamental limitation of delay-centric metrics when applied to freshness-
sensitive systems.

Unlike latency, which measures the time taken by a specific packet to traverse the network,
Aol measures the time elapsed since the generation of the most recently received update. As
a result, Aol focuses more on the freshness of the latest update and captures both transmission
delay and update frequency in a unified manner. Subsequent works have shown that minimizing
average delay or maximizing throughput does not necessarily minimize Aol [16, 17]. In partic-
ular, aggressively transmitting outdated packets can reduce throughput delay while increasing
Aol, revealing a structural mismatch between delay-centric and freshness-centric objectives.
The Aol was proposed to address a limitation in traditional communication metrics when ap-
plied to decision-centric systems. In remote estimation and control, the system performance
depends on the freshness of the state information used by the controller, rather than on how fast
individual packets are delivered [18,20].

Consider a stochastic process x(¢) evolving over time, observed remotely via sampled up-
dates. If the estimator at the receiver uses the most recently received sample x(U(¢)), then the
estimation error depends explicitly on A(¢). Under mild assumptions on the dynamics of the pro-
cess, the expected estimation error can be shown to be an increasing function of Aol [16]. This
observation motivated a large body of work on Aol-aware scheduling, including:threshold-based
update policies [16, 19],pull-based and query-driven sensing architectures [21], Aol-energy and
Aol-throughput tradeoffs [20]. However, in almost all of these works, the content of the infor-
mation is abstracted as a scalar or low-dimensional vector, and fidelity is measured using metrics

such as MSE or control cost.

5.2.3 Aol-aware sensor fusion

Consider a fusion centre receiving visual observations from N spatially distributed sensors, such
as cameras mounted on different robotic platforms or viewpoints. Each sensor n € {1,...,N}
acquires observations over time and generates a sequence of measurements {7/'}?* |, where 7’
denotes the content of the i-th measurement (e.g., an image, feature tensor, or latent represen-
tation). The i-th measurement from sensor n is generated at its local generation time S and is
received by the fusion centre at time DY, with D} > S?. Due to communication effects such as
variable transmission delays, queueing, interference, packet loss, or retransmissions, measure-

ments are not instantaneously available at the fusion centre.
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At a given fusion time ¢, the fusion centre may therefore only have access to a subset of
previously generated measurements, and the available measurements from different sensors may
correspond to different generation times. To characterise this temporal asynchrony, we define,

for each sensor n, the generation time of the most recently received measurement as
up(t) := max{S; | D} <t}. (5.4)
The instantaneous Age of Information (Aol) for sensor n at fusion time ¢ is then given by
An(t) :=1t —uy(t), (5.5

which quantifies the staleness of the freshest measurement available from that sensor. The fusion

centre operates on a temporally inconsistent dataset

N

Q(t) = {(Ba(t), ua(1)) },,_; (5.6)

where 7,(7) denotes the most recently received measurement from sensor n available at fusion
time ¢, and u,(t) is its corresponding generation time, defined in eq. 5.4.

The dataset Q(7) therefore represents the complete perceptual input available to the fusion
centre in the 7-th time slot, given the underlying sensing, communication, and scheduling pro-
cesses.

Crucially, while each individual measurement 7, (z) may be accurate with respect to the true
scene state at its own generation time u,(t), the collection Q(¢) is generally temporally het-
erogeneous. That is, the measurements in Q(¢) correspond to different physical time instants
{un(t)}fl\’:1 , which may be separated by non-negligible and sensor-dependent delays. As a re-
sult, Q(¢) does not, in general, correspond to any single consistent snapshot of the underlying
environment.

This temporal inconsistency is not merely a bookkeeping artefact, but a fundamental prop-
erty of networked perception systems. In the presence of communication constraints, the fusion
centre must inevitably reason over a mixture of fresh and stale observations, even when all sen-
sors are individually accurate and well calibrated. Consequently, perception errors may arise
not only from sensing noise or modelling inaccuracies, but also from the misalignment of ob-
servations in time. From a modelling perspective, €(t) therefore captures both the content of
the available measurements and their temporal validity. The generation times {u, ()} implicitly
encode the Aol profile {A,(¢)} of the system, which governs how representative the dataset is
of the current scene state. Any perception or reconstruction algorithm operating on Q(z) must
thus contend with the trade-off between exploiting a larger set of observations and ensuring their
temporal relevance.

In the context of high-dimensional visual perception, such as 3D scene reconstruction, this
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issue becomes particularly pronounced. Geometric consistency across views assumes that obser-
vations correspond to a shared underlying scene configuration; however, temporal misalignment
in Q(¢) can violate this assumption, leading to artefacts such as ghosting, blurred geometry, or
inconsistent surface estimates. These effects motivate the explicit incorporation of information
freshness into the perception and fusion process, rather than treating temporal inconsistency as
an incidental implementation detail.
We abstract the perception and fusion process by defining a generic fusion operator param-
eterised by 0,
8(t) = Fo(Q(1)), (5.7)

where §(7) denotes the fused estimate produced at fusion time ¢. Depending on the application,
$(r) may represent a low-dimensional system state, a dense geometric map, or the parameters
of a high-dimensional neural scene representation. This abstraction encompasses both classical
estimators and modern neural perception pipelines, with the key distinction that the input to .%y
is explicitly indexed by the Age of Information through the temporally inconsistent dataset Q(z).

As a consequence, the quality of the fused estimate §(7) depends not only on the sensing noise

N

characteristics of the individual measurements 7,(z), but also on the freshness profile {A,(¢) })'_,

induced by the underlying communication and scheduling policies. This perspective elevates
timeliness to a first-class system variable in perception, rather than treating it as a secondary
implementation detail.

A timeliness-aware fusion objective can then be formulated by jointly optimising the fusion

operator .#¢ and the communication or scheduling policy 7:

min E i UF(Q1)), (1)) + A i Adt) | (5.8)
n=1

.0
I l:1 N~
fidelity

timeliness

where s(¢) denotes the (unknown) ground-truth system or scene state at time ¢, £(-,-) is a task-
dependent loss (e.g., mean-squared error for state estimation or photometric reconstruction loss
for 3D perception), and 7 specifies the sensor scheduling or communication policy subject to
resource constraints such as bandwidth, power, or channel contention. The trade-off parameter
A > 0 controls the relative importance of estimation fidelity versus information freshness.

This objective explicitly exposes the interaction between estimation fidelity and informa-
tion timeliness. When the timeliness term is removed (i.e., A = 0), the optimisation reduces to
a conventional fidelity-driven perception problem, in which the fusion operator .%g is trained
to minimise reconstruction or estimation error given the available data, without regard to the
freshness of the underlying observations. In this regime, performance is governed solely by the
statistical properties of the measurements and the expressive capacity of the perception model,

implicitly assuming that all observations are equally relevant regardless of their age. How-
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ever, in networked sensing scenarios, maximising fidelity alone does not necessarily yield the
best real-time performance. Aggressively incorporating all available observations can increase
communication load and induce congestion, leading to longer delays and, consequently, higher
Age of Information. As a result, the dataset () may contain increasingly stale measurements,
which can degrade the effective quality of supervision even if the nominal reconstruction loss
continues to decrease.

Introducing the timeliness penalty in the objective fundamentally alters this behaviour. The
additional Aol A, () term encourages policies that balance the benefit of incorporating more
observations against the cost of operating on outdated information. Rather than favouring max-
imal update rates, the optimal policy may selectively delay or suppress transmissions to prevent
excessive staleness, thereby improving the overall relevance of the data used for fusion. This
leads to a non-trivial trade-off: in certain regimes, accepting a modest increase in instantaneous
estimation error can yield a substantial reduction in information staleness, resulting in improved
downstream perception quality and responsiveness. From an experimental perspective, this for-
mulation naturally motivates a comparative evaluation along two axes. First, by varying A, one
can characterise the intrinsic trade-off between fidelity and timeliness and identify operating
regimes in which each dominates. Second, by comparing the proposed timeliness-aware ob-
jective against a fidelity-only baseline, it becomes possible to isolate the impact of explicitly
modelling information freshness on both estimation accuracy and temporal consistency. Such
comparisons are essential for understanding whether performance gains arise from improved

perception modelling alone or from the joint optimisation of perception and communication.

5.3 System Model and Temporal Structure

5.3.1 Overview

We consider a networked robotic perception system that integrates sensing, wireless communi-
cation, and 3D scene representation at the edge. As illustrated in Fig. 5.4, a team of autonomous
robots (e.g., UAVs, UGVs, or quadruped platforms) equipped with onboard cameras observes
a dynamic environment from multiple viewpoints. Each robot captures 2D visual observations
of a scene or object of interest (e.g., a wind turbine or industrial asset), which are required
to be fused into a coherent 3D scene representation for downstream tasks such as monitoring,
inspection, or teleoperation.

Due to limited onboard computation and energy constraints, raw visual data are transmit-
ted over a wireless uplink to an edge server, where perception and 3D scene representation is
performed. The edge server has access to the camera poses associated with each observation,
which are assumed to be either transmitted reliably or obtained through a separate localisation

and state-estimation module. As a result, the edge server acts as a fusion centre that jointly
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processes visual observations and pose information received from multiple robots.

The communication model considered in this chapter follows a relatively simplified stochas-
tic update abstraction commonly adopted in Aol and networked sensing literature. Similar time-
slotted and stochastic update formulations have been widely used to analyse information fresh-
ness under communication uncertainty [15]. The objective here is not to replicate a specific
wireless protocol stack, but rather to isolate and analyse the fundamental relationship between

observation freshness and 3D reconstruction fidelity under controlled communication dynamics.

5.3.2 Time-Slotted Sensing and Communication Model

As shown in Fig. 5.4, time is discretised into slots indexed by 7 € {1,2,...}, with each slot hav-
ing a fixed duration 7. In the system, N cameras indexed by n € {1,...,N} periodically generate
visual observations. Specifically, each camera generates one image every C time slots, resulting
in a sequence of images indexed by i = 1,2,.... We denote the i-th image captured by camera n
as 7;', which represents the measurement content (e.g., an RGB image or a feature tensor). The
image 7' is generated at time slot S and is transmitted to the edge server over a wireless up-
link. Due to stochastic channel conditions, including fading and interference, the transmission
duration of each image is random. Let D denote the time slot at which the transmission of ;" is
completed and the image becomes available at the edge server. The transmission delay is there-
fore Y/* = D} — S. We consider an orthogonal frequency-division multiple access (OFDMA)
uplink with M orthogonal subchannels, where N = M cameras are simultaneously served. If the
transmission of a previously generated image has not completed, a newly generated image is not
transmitted and is discarded.

The communication process considered in this chapter follows standard queueing-theoretic
abstractions commonly used in Aol analysis and networked sensing systems. In Kendall’s
queueing notation, a queue is represented in the form A/S/c/K, where A denotes the packet
arrival process, S denotes the service-time distribution, c is the number of servers, and K repre-
sents the system capacity. For example, M corresponds to a Markovian (Poisson) arrival process,
D denotes deterministic service time, and G denotes a general service-time distribution. In this
chapter, the communication process is modelled using a D/G/1/0-style abstraction, where up-
dates are generated periodically and deterministically while the transmission duration follows
a general stochastic process. The system contains a single communication server and no wait-
ing buffer, such that stale observations may be discarded when the server is occupied. This
abstraction is adopted to isolate the fundamental timeliness—fidelity tradeoff under controlled
communication dynamics.

The above model intentionally abstracts several system aspects to isolate the timeliness—
fidelity mechanism. We assume periodic sensing with a drop-new update rule (D/G/1/0) to
avoid queue build-up and to make Aol evolution explicit, and we model transmission delays as

1.1.d. random variables to capture stochastic wireless effects in a tractable manner. Camera poses
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are assumed to be available at the fusion centre through a reliable localisation module. These
assumptions are used to establish a baseline tradeoff analysis in this chapter; Chapter 6 relaxes
the setting by considering more complex and task-dependent communication dynamics.

In the 7-th time slot, the most recently received image from camera n is the one whose
generation time satisfies eq. 5.4. The Aol of camera n at time slot ¢ is defined by eq. 5.5, which
quantifies the staleness of the freshest image available from that camera at the edge server. We
denote by 7,(7) the most recently received image from camera n at time slot ¢, i.e., the image
generated at time u,(¢). The set of visual observations available to the edge server at time ¢ is
therefore given by eq. 5.6.

Although each individual image 7,(¢) accurately reflects the scene at its own generation time
un(t), the dataset Q(r) is generally temporally inconsistent. The images in Q(¢) may correspond
to different physical time instants, resulting in a mixture of fresh and stale observations. This
temporal heterogeneity is an inherent property of networked sensing systems and cannot be
eliminated by perception algorithms alone.

Based on the available dataset €(z), the edge server performs 3D scene representation by
fusing a selected subset of the received images, denoted by Qg (7). We abstract the perception

and fusion process by a generic operator parameterised by 6,
S(1) = Fo(Qa (1), P(1)), (5.9)

where S(t) denotes the estimated scene representation at time ¢, and P(7) denotes the set of
camera poses corresponding to the selected images. Depending on the application, S(t) may
represent a dense map, a radiance field, or a Gaussian-based 3D representation.

Not all available images need to be used for 3D scene representation. We introduce a binary
decision variable wy,(r) € {0, 1}, where w,(¢) = 1 indicates that the image %,(¢) from camera n
is used for scene representation at time ¢, and w,(¢) = 0 otherwise. The decision vector at time

t is denoted by
o(t) = [wi(t),wa(t),...,wn(1)]. (5.10)

The set of images used for 3D scene representation at time ¢ is then given by
Ds(t) ={%.(t) |wy(t) =1,n=1,...,N}, (5.11)
with the corresponding set of camera poses
P(r) ={p"(¢) |wn(t)=1,n=1,...,N}. (5.12)

For completeness, we express a generic timeliness-aware objective as in eq. 5.8.
The objective in eq. (??) is written in a generic form to indicate that system performance

depends jointly on reconstruction fidelity and information freshness. In this chapter, however,
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timeliness is treated implicitly: the scheduler observes the Aol profile as the state and optimises
3D scene representation quality measured by PSNR/SSIM/LPIPS. Under temporally inconsis-
tent supervision, stale observations typically manifest as geometric misalignment and perceptual
artefacts (e.g., ghosting), which are directly penalised by these fidelity metrics. Therefore, the
effect of Y, A, () is captured indirectly through its impact on view synthesis quality, without
introducing an explicit Aol penalty in the reward. In Chapter 6, we move from this implicit
coupling to an explicit task-oriented formulation by incorporating freshness (and semantic/task

relevance) as a direct penalty term in the learning objective.

5.3.3 3D Scene Representations

At the edge server, the received multi-view visual observations are fused to construct a 3D repre-
sentation of the underlying scene. In this work, we adopt NeRF [22] as the scene representation
backbone, owing to its ability to model continuous geometry and view-dependent appearance
from sparse image observations.

In the #-th time slot, the fusion centre operates on the temporally inconsistent observation
set Q(7) defined in this chapter. Based on the subset of images selected for reconstruction, the
corresponding camera poses are collected into P(z). NeRF represents a scene as a continuous
volumetric radiance field parameterised by a multilayer perceptron (MLP). Formally, the neural
network %y maps a 3D spatial location and a viewing direction to a volume density and emitted
radiance,

Fo(x,d) = (0p(x), co(x,d)), (5.13)

where x € R? denotes a point in world coordinates, d € S?> denotes the viewing direction,
0g(x) > 0 is the volume density, and cg(x,d) € R? is the view-dependent RGB radiance.

Let the 7-th RGB image be a discrete sampling of scene radiance on a pixel grid,
L:{l,... Wyx{l,....H}Y = [0,1®,  L[u,v] €R’ (5.14)

where (u,v) denotes pixel coordinates. As discussed in Fig. 3 and Section II, each pixel («,v)
uniquely induces a camera ray r;(u,v) through the calibrated camera model, establishing the
correspondence

(u,v) <— ri(u,v) <— Lu,v].

Specifically, under the pinhole camera model with intrinsic matrix K and extrinsic parame-

ters (R, t) € SE(3), the camera ray corresponding to pixel p = (u,v,1)" is given by

r(s) =r,+sd, S € [Sn,87], (5.15)

where the ray origin r, and direction d are defined as in Fig. 3. This construction establishes a

one-to-one correspondence between each image pixel and a continuous set of 3D query points
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Figure 5.5: Illustration of the novel view synthesis evaluation protocol.

sampled along its associated viewing ray.

Given a camera ray r(s), the color of the corresponding pixel is obtained via differentiable
volume rendering. Specifically, the rendered color is computed as in eq.(3.20). In practice,
the rendering integral is approximated using stratified or hierarchical sampling along each ray,
resulting in a fully differentiable image formation process. This property enables end-to-end op-
timisation of the scene representation parameters 8 by minimising a photometric reconstruction
loss between rendered and observed images.

In the 7-th time slot, the scheduler determines the subset of observations that will be incorpo-
rated into the reconstruction process. The underlying 3D scene representation module operates
in an incremental or periodically updated manner, performing multiple optimisation steps within
a reconstruction cycle. The time slot therefore represents a scheduling decision instant rather
than a strict wall-clock training step. We denote by S(t) the current scene representation avail-
able at time 7, which corresponds to the latest parameter state 6(¢) of the neural field after the

most recent reconstruction update:
S(1)=6(), (5.16)

which emphasises that the latent scene state is implicitly encoded in the parameters of the neural

radiance field. Importantly, the quality and temporal consistency of the reconstructed 3D scene
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depend not only on the expressive power of the NeRF model, but also on the freshness of the
observations used for supervision. Stale images in Q(z) correspond to enforcing photometric
consistency with respect to outdated scene states, which can degrade geometric accuracy or in-
troduce artefacts in dynamic or communication-constrained settings. This observation motivates

the timeliness-aware optimisation framework introduced in Section 5.4.

5.3.4 Performance Metrics

To evaluate the quality of the reconstructed 3D scene representations, we adopt a novel view
synthesis protocol, which is widely used in neural scene representation literature [22,54]. Novel
view synthesis refers to the process of rendering an image from a viewpoint that was not directly
observed during data acquisition. As illustrated in Fig. 5.5, this evaluation paradigm measures
how well the learned 3D representation generalises across viewpoints, rather than merely mem-
orising observed images.

Formally, in the z-th time slot, given the 3D scene representation denoted by S(t), a novel
view image I(t) is rendered using the same volumetric rendering process described in Sec-
tion. 3.1.2. The rendered image corresponds to a virtual camera pose that is withheld from
the training or fusion set. By comparing /(¢) with the corresponding ground-truth image I(¢),
we quantitatively assess the fidelity of the reconstructed 3D scene. This evaluation protocol
is particularly suitable for networked perception systems, as it captures both geometric consis-
tency and view-dependent appearance. Unlike direct image reconstruction metrics on observed
views, novel view synthesis penalises inconsistencies arising from temporally misaligned or
stale observations in the fusion set Q(¢). To provide a more comprehensive evaluation of recon-
struction fidelity, this work jointly considers PSNR, SSIM, and LPIPS, as these metrics capture
complementary aspects of image quality as defined in eq. 3.31-3.34. In particular, PSNR primar-
ily measures pixel-wise reconstruction accuracy, SSIM evaluates structural consistency, while
LPIPS reflects perceptual similarity in deep feature space. Using all three metrics together en-
ables a more robust assessment of both geometric consistency and perceptual realism under

temporally stale or asynchronously fused observations.

5.4 Problem Formulation

We cast freshness-aware view selection as a stochastic decision problem at the edge server. At
each time slot, the scheduler observes the current Aol profile of the received multi-view stream
and decides which of the available images should be used for 3D scene representation. Impor-
tantly, the Aol evolution is primarily driven by exogenous communication processes (random
transmission delays and packet arrivals) and is only weakly affected by the selection decision.
This structure makes the problem closer to a contextual bandit with stochastic contexts than to

a long-horizon control task. We therefore use policy-gradient optimisation (implemented via
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a single-step variant of PPO) as a convenient stochastic policy optimiser, rather than as a full
sequential control solution.

The scheduling problem considered in this work is difficult to formulate using conventional
control-theoretic or optimisation-based approaches due to the high-dimensional coupling be-
tween observation freshness, semantic relevance, communication dynamics, and reconstruc-
tion quality. In particular, the relationship between transmitted observations and downstream
3D reconstruction fidelity is highly nonlinear and task-dependent, making it difficult to derive
tractable analytical control policies. Reinforcement learning therefore provides a flexible frame-
work for learning adaptive scheduling strategies directly from reconstruction-oriented reward
signals without requiring explicit modelling of the underlying reconstruction dynamics. In par-
ticular, we adopt a policy-gradient-based approach, using PPO as the baseline algorithm due
to its simplicity, stability, and sample efficiency. Unlike long-horizon control problems, the
environment dynamics in our setting are dominated by one-step stochastic effects induced by
communication delays and image availability. As a result, we employ a single-step variant of
PPO, which allows the scheduler to react myopically to the current Aol profile while still opti-

mising long-term expected performance.

State

In the 7-th time slot, the state of the RL agent is defined as the Aol vector of the N cameras,
o= [A1(1), Aa(t), ..., An(t)] € RY. (5.17)

This state representation compactly summarises the freshness profile of all available observa-
tions at the edge server. By construction, s; captures the temporal validity of the observation
set Q(¢), while remaining agnostic to the raw image content and camera poses. This abstraction
enables the scheduler to reason about timeliness without directly operating on high-dimensional

visual inputs.

Action

The action taken at time slot ¢ corresponds to selecting which of the most recently received

images are used for 3D scene representation. Specifically, the action is defined as

ar =) = [wi(t), wa(t), ..., wn(1)], (5.18)

where wy (1) € {0,1} indicates whether the image 7,(¢) from camera 7 is incorporated into the
scene reconstruction at time ¢.
Through this binary selection mechanism, the scheduler explicitly trades off between in-

corporating a larger number of views and prioritising fresh observations. The resulting action
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directly determines the subset of the observation set

Quar(t) = {(Ba(t), un(t)) | walt) =1,n=1,...,N}.

that is passed to the scene representation operator .%g.

Reward

Given the state s; and action a, in the 7-th time slot, the instantaneous reward is defined as a

weighted combination of novel view synthesis quality metrics,
r(sr,a;) = wi PSNR(I(1),1(r)) + w2 SSIM((2),1(t)) +ws LPIPS (1(1),1(1)), (5.19)

where /(¢) is the image rendered from the reconstructed 3D scene using the selected observation
subset, and (¢) denotes the corresponding ground-truth image. We note that LPIPS is a distance
metric where smaller values indicate better perceptual similarity; hence wj is set to a negative
value in our experiments.

The weights w1, wy, w3 control the relative importance of pixel-level fidelity, structural con-
sistency, and perceptual similarity. This reward design directly aligns the scheduler’s objective
with the evaluation metrics introduced in Section 5.3.4, ensuring that scheduling decisions are
directly guided by their impact on downstream 3D perception quality rather than including the

abstract communication metrics.

Policy

The policy 7y maps the state s; to a distribution over actions a;. For each camera n, the policy

outputs a Bernoulli distribution parameterised by

o [Pr(wa(t)=1]s)
Pr= (Pr(wn(t) — 0| s,)) ! (5.20)

and the joint action distribution is given by the product over all cameras. The policy is rep-
resented by a neural network my(s;) with parameters ¢. Following policy 7y, the expected

long-term return is

R™ =T

i Vr(st,at)] : (5.21)

where y € (0, 1] is the discount factor.

The optimal policy is obtained by maximising the expected return,

7" = argmax R™. (5.22)

Ty
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Single-Step PPO

To optimise the policy parameters ¢, we employ a single-step variant of Proximal Policy Opti-

misation. At each time slot, the PPO objective is defined as

(T2 |'st) (72 |s;)
Z = ——— A" lip| ————=,1—¢,1+¢ ) A™
(St7atv¢) mln(”(j),(at |S[ (Stvat>7 C1p<7r¢l(at |St), ) + (Sl‘7at) )
(5.23)
where A™ (s;,a,) denotes the advantage function,
AT (s, a,) = Q™ (sg,a,) — V7™ (sy), (5.24)

and V™ (s;) is the state-value function.

At each time slot, the scheduler observes the current Aol state s;, samples an action a; accord-
ing to the policy, and receives an instantaneous reward based on the resulting 3D reconstruction
quality. The policy parameters are then updated via gradient ascent on the PPO objective, yield-
ing an updated scheduling policy that progressively learns to balance observation freshness and
reconstruction fidelity.

Although reinforcement learning terminology is adopted throughout this chapter, the pro-
posed formulation is more accurately characterised as a contextual bandit rather than a full
Markov Decision Process (MDP). This is because the scheduling decision at each time step
primarily depends on the current observation freshness, semantic context, and communication
state, while the action itself does not significantly alter the long-term environment dynamics or
future state transitions. Consequently, the framework focuses on learning an effective instan-
taneous scheduling policy under temporally varying sensing conditions rather than solving a
long-horizon sequential control problem.

In particular, the state transition in our setting is primarily driven by exogenous communi-
cation processes, such as stochastic transmission delays and packet arrivals, rather than by the
scheduler’s own actions. The Aol state s; evolves according to the update and delivery processes
of the cameras, and the action a; does not directly influence future observation arrivals beyond
the current time slot. Consequently, the scheduler’s decision at time ¢ mainly affects the imme-
diate quality of the reconstructed scene, with limited impact on the future Aol evolution. This
weak coupling between actions and long-term state dynamics motivates a myopic or single-step
approximation of the decision process.

From an optimisation perspective, the reward defined in Section 5.3.4 already aggregates
the effect of the selected observations through perceptual and structural metrics, which implic-
itly reflect the consequences of temporal misalignment. As a result, maximising the instanta-
neous reward aligns well with maximising the expected long-term performance, provided that
the communication process is stationary. Under these conditions, a single-step policy-gradient

update constitutes a reasonable and efficient approximation to full-horizon optimisation. We
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Algorithm 1 Single-Step PPO for Aol-Based View Selection (Chapter 5)
1: Input: Initial policy parameters @, discount factor 7, clipping parameter &, training steps
T;, representation parameters O, novel view pose p,.
2: fortr=1,2,...,T; do
3: Observe Aol state:

S = [Al(l‘),...,AN(l‘)].

4: Sample binary action vector
a = [W1<t>, e ,WN(Z‘)] ~ 7'L'¢Z(S,;).
5: Construct observation subset

Quar(t) = {(Ba(t), un(t)) | walt) = 1,n=1,... N},

6: Train scene representation %y using Qe (7).
Render novel view /(¢) from pose p,.
8: Compute instantaneous reward:

rr = w1 PSNR(I(¢),1(t)) + w2 SSIM(I(2),1(t)) +w3 LPIPS(I(1),1(¢)).

9: Estimate advantage:
Ar = Q™ (s, a,) — V™ (s).
10: Update policy parameters by maximising PPO objective:
Ori1 ¢ 0+ VoL (51,2, 9).
11: end for

12: Output: Learned policy ﬂ;

emphasise that the use of PPO in this context should be interpreted as a stochastic policy opti-
misation method rather than a full sequential control solution. The proposed formulation strikes
a balance between modelling fidelity and computational tractability, enabling effective learning-
based scheduling without introducing unnecessary complexity. Although the formulation re-
sembles a contextual bandit, we retain the policy-gradient framework to accommodate potential

extensions where scheduling actions may influence longer-term communication dynamics.

5.5 Experiment Setup

To systematically evaluate the proposed timeliness-aware scheduling framework for 3D scene
representation, we conduct simulations on the DyNeRF dataset, which is widely adopted in
neural scene representation and novel view synthesis research [34]. The dataset provides multi-
view dynamic scenes captured by 19 synchronized cameras at 30 FPS over a duration of 10

seconds. For each scene, we select 18 cameras for 3D scene representation (i.e., N = 18) and
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reserve the remaining camera as a held-out novel view for evaluation. This split ensures that the
reconstructed neural representation is assessed under a genuine novel view synthesis protocol,
consistent with the evaluation pipeline illustrated in Fig. 3.6.

To emulate networked sensing conditions, the generation interval of each camerais set to C =
30 ms, corresponding to the original video frame rate. The transmission delay Y/ of each image
follows an exponential distribution with mean 60 ms, modelling stochastic wireless channel
conditions. The time slot duration is set to 7; = 1 ms, enabling fine-grained Aol evolution and
scheduling decisions. These parameters are chosen to induce non-trivial temporal misalignment
across cameras, resulting in heterogeneous Aol profiles. Under this setting, some cameras may
provide fresh observations, while others may experience delayed updates, thereby creating a
meaningful trade-off between incorporating more views and prioritising fresh data. The choice
of C =30 ms reflects a typical camera sampling rate (approximately 30-33 Hz), while an average
transmission delay of 60 ms is representative for wireless uplinks with contention and processing
overhead. Importantly, the regime E[Y] > C deliberately emulates bandwidth-limited conditions
in which not every generated frame can be delivered in time. This produces heterogeneous Aol
profiles across cameras and yields a meaningful timeliness—fidelity trade-off, which is the focus
of our study.

The reward discount factor in the single-step PPO algorithm is set to ¥ = 1, reflecting the
weak coupling between scheduling actions and future Aol evolution discussed in Section 5.4.
Under this formulation, the scheduler primarily optimises instantaneous reconstruction quality
while implicitly accounting for timeliness through the Aol-dependent state. The policy network
is implemented as a lightweight multilayer perceptron that maps the Aol state vector s, € RY to
Bernoulli probabilities for each camera. Training is performed over multiple simulated commu-
nication episodes to ensure convergence under stochastic delay conditions.

To investigate the trade-off between timeliness and fidelity across different neural scene
representation paradigms, we evaluate the proposed scheduler on three representative NeRF-
based methods: Instant-NGP, TensoRF, and Nerfacto.

Instant Neural Graphics Primitives (Instant-NGP) Instant-NGP [52] leverages a multi-
resolution hash encoding and a lightweight neural network to represent volumetric radiance
fields. Its highly optimised CUDA implementation enables rapid training and real-time render-
ing, making it suitable for evaluating timeliness-aware decision-making under near-real-time

constraints.

TensoRF TensoRF [56] replaces the fully connected neural network in classical NeRF with
a low-rank tensor decomposition of the volumetric field. By factorising the feature grid into
compact tensor components, TensoRF significantly reduces memory consumption and training

time, while maintaining competitive reconstruction quality. This representation provides a com-
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plementary trade-off between efficiency and fidelity compared to Instant-NGP.

Nerfacto Nerfacto [57] integrates camera pose refinement and per-image appearance con-
ditioning to enhance reconstruction quality. Although implemented in Python and generally
slower than CUDA-optimised Instant-NGP, Nerfacto often achieves strong perceptual perfor-
mance. Including Nerfacto allows us to evaluate whether timeliness-aware scheduling benefits
high-quality but computationally heavier representations.

For each representation backbone, we train the neural model using the subset of images
selected by the scheduler in each time slot. Novel view images are rendered from the held-out
camera pose and compared with the corresponding ground-truth images using PSNR, SSIM,
and LPIPS. To characterise the trade-off between timeliness and fidelity, we vary the reward
weights associated with the three metrics and analyse the resulting performance under different
Aol profiles. This allows us to quantify how scheduling decisions influence both pixel-level

accuracy and perceptual consistency across representation paradigms.

5.6 Performance Evaluation

In this section, we evaluate the proposed timeliness-aware scheduling framework from two com-
plementary perspectives. First, in Section 5.6.1, we analyse the intrinsic timeliness—fidelity
trade-off using a simple threshold-based baseline. This provides an interpretable reference for
understanding how information freshness influences reconstruction quality. Second, in Sec-
tion 5.6.2, we evaluate the proposed single-step PPO scheduler and demonstrate its ability to

adaptively optimise 3D scene representation performance beyond fixed heuristics.

5.6.1 Timeliness—Fidelity Trade-off with a Threshold-Based Method

To explicitly reveal the trade-off between information freshness and reconstruction fidelity, we
first consider a simple threshold-based scheduling strategy. Let I' denote the maximum al-
lowable Aol threshold (MAT). At time slot ¢, the image from camera n is used for 3D scene
representation if and only if

An(1) <T.

Otherwise, the image is discarded. This strategy effectively filters observations based on fresh-
ness: smaller I prioritises highly recent views but reduces the number of available cameras,
whereas larger I increases view diversity at the expense of temporal consistency. By varying
I € [0,120] ms, we systematically explore how the freshness constraint influences novel view
synthesis quality. The upper bound of 120 ms is chosen to cover approximately twice the mean
transmission delay, ensuring that both freshness-dominated and staleness-dominated regimes

are included. For each threshold value, we conduct 40 independent simulations under stochastic
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Figure 5.6: Timeliness—fidelity tradeoff under three performance metrics: PSNR, SSIM, and
LPIPS.

transmission delays and compute the average PSNR, SSIM, and LPIPS over the rendered novel
views. The results, shown in Fig. 5.6, illustrate a clear timeliness—fidelity trade-off.

When I' is too small, the number of usable observations becomes insufficient for stable multi-
view reconstruction, leading to degraded geometry consistency and reduced rendering quality.
Conversely, when I is too large, temporally stale images are included in the fusion set, intro-
ducing misalignment across views and causing ghosting artefacts or structural inconsistencies.
As a result, reconstruction performance first improves and then deteriorates as I" increases, re-
vealing a non-monotonic relationship between timeliness and fidelity. This behaviour confirms
that maximising raw update availability (i.e., using all received images) does not necessarily
yield optimal 3D scene representation quality. Instead, an appropriate balance between obser-
vation freshness and view diversity must be achieved. The threshold-based method provides a
simple but interpretable approximation of this balance and serves as a reference baseline for the
learning-based scheduler.

Figure 5.7 presents representative novel view synthesis results under different MAT val-
ues. Visually, the reconstruction quality varies significantly as the freshness constraint changes.

When the MAT is excessively large (e.g., I' = 120 ms), a larger number of temporally stale
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Figure 5.7: Qualitative and quantitative comparison of novel view synthesis results under differ-
ent maximum Aol thresholds (MATS).

observations are included in the fusion set, leading to noticeable ghosting and structural incon-
sistencies caused by view misalignment. Although more views are used, the temporal hetero-
geneity degrades the perceptual quality of the rendered image. In contrast, when the MAT is
too small (e.g., I' = 21 ms), only highly recent observations are retained. While this improves
temporal synchronisation with the ground truth, the limited number of views results in insuffi-
cient geometric constraints, producing blurred structures and reduced fidelity. An intermediate
threshold, around I'* = 51 ms, achieves the best perceptual and quantitative performance. At
this point, the scheduler retains enough views to ensure geometric consistency while filtering
out excessively stale observations. This confirms the existence of a non-monotonic relationship
between timeliness and reconstruction fidelity.

Importantly, this behaviour demonstrates that neither maximising freshness alone nor max-
imising view availability alone is optimal. Instead, high-quality 3D scene reconstruction requires
balancing temporal consistency and multi-view coverage, which motivates the need for adaptive
scheduling strategies.

Figure 5.8 illustrates the relationship between the optimal maximum Aol threshold (MAT)
I'* and the expected transmission delay E[Y/"]. For each delay regime, the optimal MAT is
obtained by exhaustively searching over threshold values and selecting the one that maximises
novel view synthesis performance. The optimal MAT exhibits an empirically monotonic increas-
ing trend with respect to E[Y;"]. When the average transmission delay is small, most observations
arrive with low staleness, and a strict freshness constraint (i.e., small MAT) is sufficient to main-
tain both temporal consistency and adequate multi-view coverage. However, as E[Y/"] increases,
the Aol distribution shifts towards larger values, and enforcing a small MAT would discard a
substantial portion of available views. In such regimes, relaxing the MAT becomes necessary to
preserve sufficient geometric constraints for stable real-time 3D scene representations. Conse-

quently, the optimal MAT increases with worsening channel conditions.
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Figure 5.8: The relationship between optimal MAT I'" and expected value of transmission dura-
tion E[Y"].

The monotonic trend observed in Fig. 5.8 further motivates the use of an adaptive schedul-
ing strategy. Since the optimal MAT varies with channel conditions, a fixed-threshold method
cannot achieve uniformly optimal performance. This observation provides empirical support for

the learning-based scheduler proposed in Section 5.6.2.

5.6.2 3D Scene Representations with Single-Step PPO Scheduler

In this subsection, we evaluate the proposed single-step PPO scheduler using Instant-NGP as the
underlying NeRF backbone. The reward weights are set to w; = 0.02, w, = 0.5, and w3 = —1,
reflecting a balanced emphasis on pixel-level fidelity, structural consistency, and perceptual sim-
ilarity. The policy is trained for 600 episodes under stochastic transmission delays. Figure 5.9
shows the evolution of the episode reward during training. Despite the inherent variance induced
by the random delay process, the reward exhibits a clear increasing trend and stabilises after ap-
proximately 400 episodes, indicating convergence of the scheduling policy. The weighting coef-
ficients in the reward function are primarily introduced to balance the numerical sensitivity and
dynamic range differences between PSNR, SSIM, and LPIPS, rather than to encode task-specific
preference priorities. Since these metrics operate on substantially different numerical scales and
exhibit different variation magnitudes during reconstruction updates, direct unweighted aggre-
gation may cause the optimisation process to become dominated by a single metric. The adopted
weighting strategy therefore aims to maintain comparable reward sensitivity across perceptual,
structural, and pixel-level reconstruction quality measures. In practice, the weights were se-

lected empirically to produce stable reward variation during training while avoiding excessive
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Figure 5.9: Evolution of the reinforcement learning reward during training with the single-step
PPO scheduler.

dominance from any individual reconstruction metric. A more comprehensive sensitivity anal-
ysis over different weighting configurations may provide additional insight into the robustness
and interpretability of the proposed reward formulation, and therefore remains an interesting
direction for future investigation.

The reinforcement-learning-based scheduler required approximately 30 minutes of offline
training on an NVIDIA RTX 4090 GPU before convergence. At convergence, the learned pol-
icy achieves an average training performance of PSNR = 30.54, SSIM = 0.775, and LPIPS =
0.342. On unseen testing episodes, the policy attains PSNR = 30.12, SSIM =0.779, and LPIPS =
0.350. Although a fully random scheduling baseline was not explicitly implemented, the early-
stage training behaviour provides an approximate reference for highly exploratory scheduling
behaviour prior to policy convergence. During this stage, the reward exhibits substantial fluctu-
ation within the approximate range of 0.45-0.68, reflecting unstable observation selection under
exploration-dominated policy behaviour. As training progresses, the reinforcement-learning-
based scheduler gradually converges toward more stable timeliness-aware scheduling policies
with consistently improved average reward values. Nevertheless, this exploratory phase should
not be interpreted as a formally controlled uniform-random baseline, and a dedicated random
scheduling comparison remains an interesting direction for future investigation. The random
scheduling behaviour corresponds to highly unstable reward fluctuations within the approxi-
mate range of 0.45-0.68, with an average reward of approximately 0.60. In comparison, the
learned reinforcement-learning-based scheduler converges to a substantially more stable pol-
icy with an average reward of approximately 0.70, corresponding to an improvement of around

16.7%. The small performance gap between training and testing indicates good generalisation
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under varying communication conditions. Compared with the fixed-threshold baseline anal-
ysed in Section 5.6.1, the learned scheduler adaptively adjusts the effective freshness constraint
according to the instantaneous Aol profile, thereby achieving consistently high reconstruction
quality without manual tuning of MAT parameters. Despite noticeable reward fluctuation during
the early exploration stage, the overall reward trend gradually increases as training progresses,
indicating stable policy improvement over time. The average reward increases from approxi-
mately 0.60 during the initial training stage to around 0.70 after convergence, corresponding to
an improvement of approximately 16.7%. The relatively high short-term variance is primarily
caused by stochastic communication dynamics and exploration behaviour during policy learn-
ing, while the later training stage exhibits improved stability and consistently higher reward
values. These results suggest that the proposed RL-based scheduling strategy is able to progres-
sively learn more effective timeliness-aware observation selection policies under the considered

communication setting.

5.7 Conclusion

In this chapter, we established a unified framework for analysing the tradeoff between timeliness
and fidelity in real-time 3D scene representation under communication constraints. By explic-
itly incorporating Age of Information (Aol) into the perception pipeline, we demonstrated that
reconstruction quality is fundamentally influenced by temporal misalignment across multi-view
observations.

Through threshold-based analysis, we revealed a non-monotonic relationship between ob-
servation freshness and novel view synthesis performance. Specifically, neither maximising
freshness nor maximising view availability alone yields optimal reconstruction quality. Instead,
an intermediate balance between temporal consistency and geometric coverage is required. Fur-
thermore, we showed that the optimal freshness threshold is not a fixed constant, but increases
monotonically with the expected transmission delay, highlighting the dependency of percep-
tion performance on communication statistics. Building upon this insight, we formulated the
scheduling problem as a reinforcement learning task and proposed a single-step PPO-based
scheduler. The learned policy successfully adapts to stochastic delay conditions and consistently
achieves high reconstruction quality without manual tuning of threshold parameters. Experi-
mental results across multiple neural scene representation backbones validate the effectiveness
and generality of the proposed timeliness-aware scheduling framework.

Overall, this work demonstrates that timeliness should be treated as a first-class system vari-
able in edge-assisted 3D scene representation. The proposed framework provides a principled
foundation for integrating communication dynamics and neural scene reconstruction in future

real-time robotic and edge-based perception systems.



Chapter 6

Task-Oriented Communications for 3D
Scene Representation for Multi-robot

Telepresense

6.1 Motivation

Chapter 5 established the fundamental tradeoff between timeliness and fidelity in real-time 3D
scene representation systems. Under stochastic communication delays, simply using the fresh-
est available data does not necessarily lead to the best reconstruction quality, and waiting for
additional observations may improve fidelity at the cost of increased information staleness. This
analysis highlights the intrinsic tension between communication latency and perception accu-
racy in networked 3D scene representation systems. However, the formulation in Chapter 5
adopts a simplified system model, where scheduling decisions are primarily driven by the Aol
of incoming data streams. In practical robotic perception scenarios, not all observations are
equally important. Different parts of the scene may have different semantic relevance and up-
date requirements. In such settings, communication and perception decisions should not be
based solely on timeliness metrics. Instead, they must be aligned with the underlying task ob-
jectives, prioritizing information that contributes most to the final decision or reconstruction
outcome. This motivates a shift from purely timeliness-driven scheduling to task-oriented com-
munication strategies, where both temporal freshness and semantic relevance are considered.
Moreover, real-world wireless environments often exhibit bursty or time-varying channel condi-
tions. Fixed threshold or single-step waiting strategies become suboptimal under such settings,
as the system must adaptively adjust its waiting horizon based on both communication states
and task requirements.

Fig. 6.1 illustrates a representative edge-assisted industrial perception scenario considered
in this chapter, where heterogeneous robotic platforms transmit sensing observations to edge

infrastructure for timeliness-aware 3D scene representation. The figure is intended primarily as
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Figure 6.1: System model of edge-assisted 3D scene reconstruction, where heterogeneous sen-
sors (e.g., drones, quadruped robots, and AGVs) capture data from industrial environments such
as wind turbines and tunnels. The sensed data are transmitted via wireless channels to the edge
server through a base station, and then processed for real-time 3D scene visualization.

a conceptual application framework demonstrating the potential deployment context of the pro-
posed system, rather than a fully implemented end-to-end experimental platform used directly
in the reported evaluations. It should be noted that Fig. 6.1 illustrates multiple representative
industrial application scenarios for the proposed edge-assisted 3D scene representation frame-
work, rather than a simultaneously deployed multi-workload system. In the current formulation,
the communication-aware reconstruction framework assumes a single sensing and reconstruc-
tion workload at a time under a shared edge-assisted pipeline. Consequently, the wind-turbine
and tunnel inspection examples are intended primarily to demonstrate the potential applicabil-
ity of the framework across heterogeneous robotic perception scenarios rather than concurrent
system operation.

To address these challenges, this chapter proposes a task-oriented communication frame-
work for real-time 3D scene representation. The scheduling problem is formulated as a con-
textual decision-making process, where the system state incorporates both timeliness indicators
and task-related features. An RL-based policy is then used to learn adaptive waiting strategies
that balance information freshness and reconstruction fidelity under dynamic communication
conditions. The main contributions of this chapter are threefold.

1) Timeliness-aware communication with semantic context. We propose a cross-system
scheduling formulation that augments Aol-driven decision-making with semantic context ex-

tracted from incoming image streams. Rather than relying solely on freshness indicators, the
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scheduler conditions its waiting/selection decisions on lightweight pretrained visual embed-
dings, enabling prioritisation of visually salient and dynamically changing observations in a
practical, modular manner.

2) Contextual-bandit RL strategy for adaptive waiting. To solve the resulting scheduling
problem, we formulate it as a contextual decision-making process and develop a reinforcement
learning approach based on a contextual-bandit variant of PPO. Unlike the formulation in Chap-
ter 5, where the state is defined solely by Aol variables, the proposed policy incorporates both
timeliness indicators and semantic features extracted from the data streams. This richer state
representation enables the agent to dynamically adjust the waiting horizon according to both
communication conditions and task priorities. As a result, the learned policy achieves improved
reconstruction fidelity while maintaining low information staleness across diverse operating con-
ditions.

3) Cross-system design bridging communication and 3D perception. This chapter demon-
strates a task-oriented design paradigm that explicitly links communication scheduling decisions
to downstream 3D perception performance. Instead of treating communication and perception
as separate modules, the proposed framework optimises them jointly with respect to task-level
objectives. Extensive experiments across multiple datasets and scene representation models,
including neural radiance fields and 3D Gaussian Splatting, show that the proposed method
consistently outperforms conventional threshold-based or fixed waiting strategies. These re-
sults highlight the importance of semantic-aware scheduling and provide practical insights for
designing integrated communication—perception systems in real-time robotic applications.

This formulation extends the tradeoff analysis in Chapter 5 from a purely Aol-driven per-
spective to a task-aware, cross-system communication—perception design, enabling more effi-

cient and robust real-time 3D scene modelling.

6.2 System Model and Scheduling Structure

6.2.1 Overview

Building upon the timeliness-aware perception framework developed in Chapter 5.2.3, this chap-
ter investigates how concrete scheduling mechanisms influence real-time 3D scene representa-
tion under communication constraints. While the previous chapter formulated a general op-
timisation objective that couples reconstruction fidelity and information freshness, the present
chapter focuses on the operational layer: how scheduling decisions reshape the temporal struc-
ture of the data used for 3D scene representations.

While Chapter 5 considers relatively stationary stochastic communication dynamics in order
to isolate the fundamental timeliness—fidelity tradeoff, practical robotic sensing systems often

exhibit more heterogeneous and bursty traffic patterns. In telepresence and multi-sensor robotic
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perception scenarios, sensor updates may become highly event-driven due to robot motion, scene
changes, or task-triggered sensing demands. Similar asynchronous and partial-arrival sensing
behaviour has been studied in wireless sensor network literature, where temporally heteroge-
neous update arrivals were shown to significantly influence the achievable timeliness—fidelity
tradeoff [37]. Motivated by these observations, this chapter extends the communication setting
toward more realistic burst-aware sensing dynamics.

We consider the same multi-robot perception architecture introduced previously. Multiple
robots equipped with calibrated cameras continuously observe a scene and transmit visual mea-
surements to an edge server for reconstruction. As discussed in Chapter 5.2.3, stochastic wire-
less delays introduce temporal heterogeneity in the received multi-view dataset. At any given
time slot, the edge server typically holds a mixture of fresh and stale observations originating
from different generation instants. This temporal inconsistency cannot be corrected by the per-
ception backbone alone; instead, it must be addressed at the scheduling layer.

In contrast to the abstract policy formulation in Chapter 5, where the scheduling decision
was represented generically through a policy 7, this chapter explicitly characterises how differ-
ent scheduling mechanisms determine the subset of images and camera poses used for recon-
struction at each time slot. In other words, we make explicit how the binary decision vector (t)
shapes the supervision set of the neural 3D representation.

We study two representative paradigms:

» o-threshold policy: reconstruction proceeds at every time slot, but only frames whose

Aol lies within a predefined freshness window are admitted;

* -wait policy: reconstruction is deferred until sufficiently recent frames from all cameras

are available, thereby enforcing stronger temporal alignment.

These two mechanisms embody distinct philosophies of timeliness-aware reconstruction. The
threshold policy prioritises responsiveness by operating on whatever sufficiently fresh data are
currently available, whereas the wait policy prioritises temporal coherence at the cost of potential
reconstruction latency. Their structural differences lead to fundamentally different temporal
statistics of the supervision set, which in turn influence both geometric fidelity and dynamic

consistency of the reconstructed scene.

6.2.2 Temporal Observation Set and Pose Selection

We adopt the time-slotted model introduced in Chapter 5.2.3. Let %,(¢) denote the most recently
received image from the n-th camera at time slot 7, generated at time u,,(z).

The set of the latest available observations at the edge server is defined in eq. 5.6.

Each image 7,(¢) is associated with a camera pose that specifies the spatial configuration of

the sensing platform at the time of image acquisition. We denote the pose of camera n at time ¢
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Figure 6.2: Time-sequence diagrams for real-time dynamic 3D scene representation from multi-
sensor image streaming. The figure illustrates two baseline scheduling policies: (1) the @-
threshold policy, where the scheduler includes the most recent images from each camera in the
training set only if their current Aol is below a global threshold @y, and (2) the @w-wait policy,
where the scheduler postpones rendering for @y slots, incorporating only the updates that arrive

during this waiting horizon.
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by
p'(1) = [¥"(1),y"(1), 2'(), 0" (1), 9"(1)] € RV, (6.1)

where (x"*(¢),y"(t),7"(¢)) denotes the 3D position of the camera in the world coordinate frame,
and (0"(t),9"(¢)) parameterise its viewing orientation. More generally, the pose can be equiv-
alently represented as a rigid-body transformation (R"(¢),t"(¢)) € SE(3), where R"(¢) € SO(3)
is the rotation matrix and t"(¢) € R? is the translation vector. The pose determines the mapping
from image pixels to 3D rays in the world coordinate system. Specifically, for each pixel in
7,(t), the corresponding camera ray is uniquely defined by the intrinsic matrix and the extrinsic
parameters encoded in p”(¢).

The camera poses establish the multi-view correspondence required for triangulation, vol-
umetric integration, or neural rendering, and directly determine how individual observations
contribute to the fused 3D scene representation.

Let the global pose collection be denoted as

P(r)=[p'(t), p*(), ..., " (1)]. (6.2)

Not all images stored in the receiving buffer are necessarily used for reconstruction at time
slot £. The edge server maintains, for each camera n, the most recently received update 7,(¢) to-
gether with its associated pose p”(¢). The scheduler determines which of these buffered updates
participate in the reconstruction process.

Let

o(1) = wi(0),...,wn(1)] (6.3)

denote the scheduling decision at time slot #, where w,(f) € {0, 1} indicates whether the most
recent image from camera n is admitted into the reconstruction pipeline.
Under this decision, the effective supervision set used for 3D scene representation at time ¢

becomes

Ds(t) = {F,(t) | wa(t) = 1}, (6.4)

and the corresponding pose set is
Py(t) ={p"(t) [ wa(t) = 1}. (6.5)
The number of selected views at time slot ¢ is therefore

N
K=Y wa(t). (6.6)
n=1

In this formulation, the scheduling decision does not alter the perception backbone itself,

but explicitly reshapes the multi-view supervision structure. Depending on ®(¢), the 3D scene
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representation algorithm may operate on a full N-view batch, a reduced subset of cameras, or,
in extreme cases, a single-view update.

The 3D scene representation operator is instantiated as
S(1) = Fo(Z(1),Ps(1)), (6.7)

where .#g denotes the perception backbone introduced previously. In practice, the representa-
tion parameters 6 are updated incrementally over time. Therefore, %y (-) should be interpreted

as the current instance of the 3D scene representation model in the ¢-th time slot.

6.2.3 Scheduler Agent

We consider a multi-camera wireless perception system where N cameras asynchronously trans-
mit image updates to an edge server for real-time 3D scene representation.

At each decision epoch 7, the scheduler agent determines which information will be used
for reconstruction. Instead of treating scheduling as a purely communication-layer decision, we
model it as an information selection problem tightly coupled with scene representation quality.

Let

I(r) C 7 (1) (6.8)
denote the selected image set used for reconstruction at time ¢, where T (t) denotes the set of

buffered images (ignoring timestamps), i.e., 7 (t) = {%,(t) }_,.

For any image used in reconstruction, we define an information unit
L(t)el(r), n=1,...,N, (6.9)

corresponding to the latest buffered observation from camera n admitted at time ¢. Each infor-

mation unit is associated with the attributes

In() 2 (A"(0), 0" (), 2" (1)), (6.10)

where A" (t) is its Aol, p"(¢) denotes the camera pose, and z"*(¢) represents the extracted semantic
embedding.

The scheduler agent implements a decision function
I(t) = Zs(st), (6.11)

where s; is the system state composed of freshness, pose distribution, and semantic features.
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®-Threshold Policy

Under the w-threshold policy, the scheduler selects images based solely on instantaneous fresh-
ness. At time slot #, a global threshold @y is determined.

An image from camera n is admitted into the reconstruction set if
A1) < ay. (6.12)
According to Eq. 6.3, the scheduling decision variable is defined as

1, A1) <y,
Walt) = 1) < o 6.13)
0, otherwise.

Thus, the reconstruction dataset at time ¢ is
Li(t) ={L,(t) | wo(t) =1, 1 <n < N}. (6.14)

This policy enforces a per-slot freshness constraint while maintaining continuous rendering.
When wireless delay increases, some cameras may be excluded due to excessive Aol, reducing
multi-view diversity at that time slot.
w-Wait Policy

In contrast, the w-wait policy adopts a horizon-based strategy. At time slot ¢, the scheduler

determines a waiting horizon @, and postpones reconstruction until time
! =t+w,. (6.15)

During this waiting interval, newly arriving image updates are accumulated in the receiving
buffer.
Let I,(7) denote an image update from camera n arriving at time 7. The decision variable

under this policy is defined as

1, t<1</?,
wn(T) = (6.16)
0, otherwise.

The reconstruction dataset triggered at time ¢ is therefore
L) = {L(t) |wa(t) =1, 1 <n < N}. (6.17)

Unlike the threshold policy, reconstruction does not occur at every slot. Instead, temporally
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clustered updates collected within the waiting horizon are jointly used for scene representation.

6.2.4 Timeliness Embedding Approach

While the w-threshold and w-wait policies operate purely along the temporal dimension, prac-
tical 3D scene representation quality depends on multiple coupled factors, including geometric
coverage, viewpoint diversity, and semantic consistency. To capture these effects, we extend the
scheduler from a freshness-only decision rule to an information-aware embedding framework.

At decision epoch ¢, the system state is represented as

so=[AN(),...,AY (@), p' (t),....p" (1).2' (1),....2" (1)], (6.18)

where A”(¢) denotes the Aol of the n-th camera, p”(¢) denotes the camera pose, z"(¢) represents
semantic or structural embeddings extracted from the latest received image.
Let I,(¢) denote the latest available image from camera n at time ¢, and let the scheduler

decision variable be w,(t) € {0,1}. The selected reconstruction set is
I(t) = {1n(r) | wa(r) = 1}. (6.19)
The key difference from purely temporal policies is that the decision function
wa(t) = Fils;) (6.20)

is now driven by a joint representation of freshness, spatial alignment, and semantic relevance.

For any selected image I,(¢) € I(z), its contribution to representation fidelity is measured by

M(I,(1),1,(1)) = ijMj(In(t),fn(t)), (6.21)

where M; includes photometric or perceptual metrics such as PSNR, SSIM, and LPIPS, L,(t)
is the rendered image from the same camera pose using the current reconstructed scene, w; are
weighting coefficients controlling the emphasis on different fidelity criteria.

The overall scene fidelity at time ¢ is then defined as

1 .
o) = Wln@)Zem)M(l"(t)’I”(I))' (6.22)

Unlike the w-based policies, which impose hard constraints on temporal freshness, this
embedding-based approach evaluates the marginal contribution of each image to reconstruction

quality.
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6.2.5 Network Model

Different from the D/G/1/0-style formulation adopted in Chapter 4, the burst-aware commu-
nication setting considered here can be interpreted using an M/D/1/1-type abstraction, where
stochastic update arrivals and constrained service availability jointly produce temporally hetero-
geneous observation freshness.

We model the burstiness of packet arrivals in image transmission using a Markov modulated
Poisson process (MMPP) [73], where network traffic transitions between M states, 51,52, ..., Sy,
governed by a transition matrix. Although the overall system operates in discrete time slots, the
underlying network state evolution is modeled as a continuous-time Markov process sampled at
slot boundaries.

In state s,,,, packets arrive following a Poisson process with rate A”*, and transmission delays
follow an exponential distribution with rate A)/":

X, ~ Poisson(4,"), Y, ~Exp(4;'). (6.23)

A simplified model is the switched Poisson process (SPP) [74] with a Gilbert-Elliot (GE)
channel [75], where the network alternates between low-traffic (G) and high-traffic (B) states.

The packet generation rate A, and transmission delay A, depend on the current channel state:

X' ~ Poisson(4¢), Y;" ~Exp(4y),
Ae=Ay, A=Ay, ifs=G, (6.24)
Ae=2A7, Ag=Af, ifs=B.

Although the scheduling process evolves in discrete decision slots indexed by ¢, the channel
state itself is modeled as a continuous-time Markov chain (CTMC) and sampled at slot bound-
aries.

Let P(u) = ¢2" denote the transition probability matrix of the CTMC after  units of con-

tinuous time, where Q; is the generator matrix defined by

-l M2 ... Ham
o,— |1 TH o ) (6.25)
Uyt My oo —Hm

where L1;; denotes the transition rate from state s; to s; and u; = le‘-/[: 1 jti Mij-

For example, when M = 2, the generator reduces to

Qs = [_“1 Hi ] . (6.26)
2 —H2
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The corresponding transition probability matrix is
L + Le_(ul'i_.uZ)u L (1 _ e_(”1+“2)u)

P(u) = Hit+pz Mt Hi+Ho 7 (6.27)

M (_pmtm)u) M M (i)
Ui+ <1 ¢ > M1+ + /41“'/426
where the entry p; ;(u) represents the probability of being in state s; after u units of continuous

time when starting from state s;.

6.2.6 3D Scene Representations

For 3D scene representations, we employ a representation function .%y parameterized by 6,
which maps camera poses Ps(¢) to the underlying scene representation. Depending on the
method, .-%¢ can be instantiated as an MLP-based NeRF or a more explicit 3D Gaussian-based
model.
Specifically, in the ¢-th time slot, .7 ¢ outputs the volume density ¢ and view-dependent RGB
color ¢:
{e,0} = Fp(x,d), (6.28)

where x denotes a spatial query point and d the viewing direction.
To visualize the 3D scene representation, a rendered image (¢) is obtained via the volume
rendering function .%,(-):
(1) = Z.(Zo,p)), (6.29)

where p,, denotes the desired camera pose.

Let I(¢) denote the image set selected by the scheduler at time 7. For each selected image
I,(t) € I(t) with pose p”(t), a predicted image I,(t) is synthesized from the same pose using
Eq. (6.29).

The representation function is trained by minimizing the reconstruction loss:

min Z(1)= Y M(I,(1),1x(1)), (6.30)
6 L()el(r)

where M (-) denotes the image similarity metric defined previously (e.g., PSNR, SSIM, LPIPS).
Thus, the selected image set [(z) directly determines the supervision signal for updating 6,

linking the scheduler decision with the evolution of the 3D scene representation.

6.3 Problem Formulation

Unlike Chapter 5, where timeliness affected fidelity implicitly through artefacts in multi-view

fusion, here timeliness is incorporated as an explicit penalty in the reward design. To explicitly
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incorporate information timeliness into the real-time 3D scene representation pipeline, we for-
mulate the scheduling of visual observations as a reinforcement learning problem. At each time
slot, the edge server must decide whether to immediately perform scene representation using
the currently available images, or to wait for a short horizon to collect additional updates that
may improve multi-view completeness and temporal alignment. This decision is non-trivial due
to stochastic wireless delays and bursty arrivals, which jointly determine the instantaneous Aol
profile and the availability of synchronised views. Motivated by this stochasticity and the ab-
sence of a simple closed-form relationship between waiting decisions and reconstruction fidelity,
we employ a learning-based scheduler.

We adopt PPO as the baseline algorithm due to its simplicity and stable performance [78].
Moreover, since the randomness in our setting is dominated by one-step exogenous effects
(packet arrivals and delays) and the scheduler mainly affects the reconstruction outcome within

the current decision epoch, we further employ a single-step (contextual-bandit) variant of it [77].

State

In the 7-th time slot, let 7"(¢) denote the most recent image from the n-th camera available at the

edge server. A semantic feature extractor .%,(-) encodes 7" (¢) into a compact embedding
' = F,(t(1), z'eR™Y, (6.31)

where d is the feature dimension. The semantic feature extractor .%,(-) is used only to provide
a compact, task-related context for scheduling. In our implementation, .%,(+) is instantiated as
an off-the-shelf YOLOv11 backbone with pretrained parameters, and kept frozen throughout
all experiments. That is, the scheduler does not jointly optimise the perception backbone, the
feature extractor, and the scheduling policy. Instead, .%.(-) acts as a deterministic mapping
from the currently buffered image 7" (¢) to an embedding z;', which is then concatenated into the
scheduler state. This approach preserves the modularity of the cross-system pipeline: the 3D
scene representation module .%y can be replaced without re-training the semantics encoder.

The scheduler state aggregates timeliness, semantics, and geometry across all N cameras.
Define

2/ Al(r) p'(1)
Zi=|: | eRV A= : | eRV Pr)=| : | eRV (6.32)
zy AN (1) P (1)

where A" (¢) is the Aol of camera n and p”(t) is its pose vector. The resulting state is constructed

by concatenation:

s = [Z At) P(t)] € RV*(4+6), (6.33)
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This design allows the agent to reason jointly about (i) freshness, (ii) semantic relevance, and
(ii1) viewpoint coverage, without directly operating on raw high-dimensional images.

We emphasise that, under this implementation, semantic information influences scheduling
only through the state, enabling the policy to condition its waiting decision on the presence
of visually salient or dynamically changing content. Since z! is computed locally from 7" (r)
at the edge, it introduces no additional communication overhead beyond the transmitted image
stream. In contrast to approaches that require learning an explicit importance function g(-) or a
task-specific value estimator, we rely on pretrained visual features as a practical and reproducible

proxy for semantic context.

Action

In the #-th time slot, the scheduling agent selects a waiting horizon for the subsequent 3D scene

representation, defined as
a,=o €{0,1,...,Onax}- (6.34)

Here, o, = 0 indicates immediate rendering using the currently available images, whereas @, > 0
indicates that the system postpones reconstruction for @y slots to incorporate potentially fresher
and more complete multi-view updates. This action aligns with the @-wait policy described in
the system model, where the training set at the next reconstruction epoch is formed by collecting

updates arriving within the waiting horizon.

Reward

The timeliness—fidelity tradeoff is quantified through a weighted objective. Let I(7) denote the
reconstruction set formed at decision epoch 7 under the selected waiting horizon @ (and the cor-
responding scheduling mechanism described in Sec. 6.3). Define the induced selection indicator
wp(t) € {0,1}, where wy,(¢) = 1 if the most recent update from camera n is admitted into I(z),
and wy, (1) = 0 otherwise.

We evaluate timeliness on the effective supervision set rather than on all buffered streams.

Specifically, the average Age of Information (aAol) on the reconstruction set is

N N
A() :Ki WO, K=Y walt). (6.35)
! n=1 n=1
Here, the feasible scheduling set is constrained such that K; > 1, ensuring that at least one valid
observation is available for reconstruction and preventing division-by-zero cases. This definition
aligns the freshness penalty with the updates that actually contribute gradients to the represen-
tation model. The average formulation of Aol is adopted in this work because the objective is

to capture the overall temporal freshness of the distributed sensing system rather than only the
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worst-case sensor behaviour. Using aggregated Aol encourages balanced observation freshness
across multiple viewpoints and avoids policies that over-optimise a single sensor stream while
neglecting the remaining observations. In contrast, max-Aol formulations primarily emphasise
the worst stale observation and may lead to overly conservative scheduling behaviour, while
min-Aol objectives are generally less informative for multi-sensor perception quality assess-
ment.

Let the fidelity qualifier be defined as a weighted combination of three image similarity

metrics:
O(t) = wy, x PSNR(I(2),1(¢)) +ws x SSIM(I(¢),1(¢)) +w; x LPIPS(I(¢),1(¢)).  (6.36)
We then define the weighted tradeoff function
Fu(t,a0) = we - A1) + O(1), (6.37)
The instantaneous reward is set as the negative of the tradeoff function:
r(ss,a,) = —F,(t, o), (6.38)

so that maximizing the reward is equivalent to minimizing the tradeoff objective. Depending
on the application scenario, the weights can be adjusted to prioritise either timeliness (smaller
aAol) or fidelity.

Policy and Objective

The policy my maps the state s; to a categorical distribution over the discrete waiting actions:

Pr{(l)t =0 ’ St}

Pt
Pr{@, = Omax | s}
The policy is represented by a neural network 7y (s;) with parameters ¢. Following 7y, the

discounted long-term return is

R™ =FE

i Y r(snat)] : (6.40)

t=0

where y € (0,1) is the discount factor. The learning objective is to find an optimal policy that
maximizes the expected return:
" = argmax R™ . (6.41)

Ty
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Contextual-Bandit PPO

To optimize 7y, we employ a contextual-bandit (single-step) variant of PPO. At each time slot,
the agent observes s;, samples @, from 7y (- | s;), triggers reconstruction according to the selected
waiting horizon, and receives the instantaneous reward r(s;, @ ) computed from Eq. (6.37). The

policy parameters are then updated using the clipped PPO objective:

(s, 07, ¢) = min (%M@ (51, ), (6.42)
mals) | .
Chp (m,l €, 1 +8)A ¢ (St,(ﬂt) s (643)

where A™: (s;, ;) is the advantage estimate [79].

Although the overall problem is cast as reinforcement learning, the state transition in our
setting is primarily driven by exogenous communication processes (bursty arrivals and random
delays) rather than by the waiting decision itself. Consequently, the action @, has limited influ-
ence on future Aol evolution beyond the current decision epoch, while it directly impacts the
immediate reconstruction outcome through the timeliness—fidelity objective. This weak action-
to-state coupling motivates a single-step approximation, where policy optimization is performed
using one-step rewards while still learning a robust stochastic decision rule under stationary net-

work conditions.

6.4 Experiment Setup

6.4.1 Evaluation of 3D Scene Representations

To comprehensively evaluate the performance of 3D scene representations, we consider both
controlled benchmarks and realistic communication scenarios. The DyNeRF dataset provides
high-quality inward-facing multi-view sequences for assessing representation accuracy and time-
liness, while the Eyeful Tower dataset introduces large-scale outward-facing scenes with greater
environmental complexity. In addition, we examine the influence of network burstiness using a
GE channel model to capture the impact of packet-level dynamics on real-time scene represen-
tation.

In our configuration, the packet generation rate and transmission delay follow the state-
dependent parameters )L;I = 1/30, lgL =1/120, Al =1/60, and AL = 1/30. The underlying
Markov chain is a two-state process (M = 2), where the transition parameter is set to y; = Uy =
1/30. This configuration captures the contrast between high-state burstiness with longer delays

and low-state sparsity with shorter delays.
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Algorithm 2 Contextual-Bandit PPO for Timeliness-Aware Scheduling
1: Input: Channel parameters A, initial policy parameters ¢y, representation parameters 6,
maximum waiting horizon @p,x, training steps 7;.
2: fort=1,2,...,T; do
Observe latest images 7"(¢) and compute semantic features z! = .%,(7"(t)).
Construct state s; = [Z; A(r) P(¢)].
Sample waiting action @; ~ 7, (- | ;).
if @, > 0 then
Wait for @, slots and collect arriving updates.
end if
Form reconstruction set [(¢) according to the selected waiting horizon.
10: Update representation parameters 6 by minimizing £ (¢) = Y5, (1yer() M (I (7), [(1)).

I A A

11: Render novel view I(¢) from pose p,.

12: Compute fidelity metric Q(¢) and aAol A(z).

13: Compute reward r, = —F,,(t, ay).

14 Estimate advantage A, = Q™ (s;, @) — V™ (s;).

15: Update policy parameters by maximizing clipped PPO objective:

Prr1 = afgm(;lngPO(St, o, 0, 0).

16: end for
17: Output: Optimized scheduling policy 717;

Evaluation on the DyNeRF and the ZJU-MoCap Dataset

The DyNeRF dataset [34] is widely used for 3D scene representation and novel view synthe-
sis. It consists of 10-second, 30-FPS multi-view videos captured from 19 cameras positioned
at different angles, providing high-quality data for training and evaluation. Fig. 6.4 compares
the reconstruction quality achieved under the @-wait and w-threshold policies across differ-
ent timeliness thresholds @; on the DyNeRF dataset. Qualitative comparisons show that the
w-wait policy generally preserves clearer structural consistency and fewer temporal artefacts
in the dynamically changing regions highlighted by the bounding boxes. In particular, the re-
constructed human body and foreground object regions remain more visually coherent under
the @w-wait formulation, while the @-threshold policy exhibits stronger blurring and ghosting
effects as temporally stale observations accumulate. The quantitative LPIPS results further sup-
port these observations. As @, increases, the w-wait policy consistently improves perceptual
reconstruction quality, reducing LPIPS from approximately 0.515 to 0.193, corresponding to an
improvement of about 62.5%. In contrast, although the @-threshold policy initially improves
from 0.643 to 0.232, the reconstruction quality gradually degrades again at larger @, values,
eventually increasing to approximately 0.325. This behaviour suggests that the @-threshold
formulation becomes increasingly sensitive to stale or temporally inconsistent observations un-

der relaxed freshness constraints. Overall, the results indicate that the proposed @-wait policy
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Figure 6.3: Comparison of representation quality and overall performance under different
scheduling strategies averaged across datasets with Instant-NGP. The four subfigures report (a)
PSNRT, (b) SSIMT, (¢) LPIPS], and (d) F,, | as functions of the parameter @,. Results are
shown for two traffic intensities (4,=1/60, A;,=1/60 and A,=1/120, A;,=1/30) and two policies
(w-wait and w-threshold).

achieves more stable and perceptually consistent scene representation performance in dynamic
multi-robot telepresence scenarios. Both datasets adopt inward-facing camera configurations,
which are particularly suited for neural rendering methods that rely on dense multi-view obser-
vations.

The ZJU-MoCap dataset [81, 82] contains human motion sequences recorded in a multi-
view studio setup with synchronized cameras. Fig. 6.5 illustrates the influence of the number
of transmitted observations on both reconstruction quality and temporal freshness in the multi-
robot telepresence scenario. As the number of images increases, the perceptual reconstruction
quality consistently improves, with LPIPS decreasing from approximately 0.323 to 0.101, cor-
responding to an improvement of approximately 68.7%. Qualitative comparisons further con-
firm that increasing the number of observations significantly improves structural completeness
and texture consistency, particularly in the highlighted regions containing fine-grained clothing
patterns and human body boundaries. However, this improvement in reconstruction fidelity is
accompanied by a substantial increase in aAol, which rises from approximately 16 to 82 as more
observations are incorporated into the reconstruction process. This trend demonstrates the fun-

damental timeliness—fidelity tradeoff considered in this thesis: incorporating more viewpoints
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Figure 6.4: Comparison of 3D scene representation quality under the w-wait and the @-threshold
policy, trained with Instant-NGP.

generally improves multi-view consistency and perceptual quality, but also increases communi-
cation latency and observation staleness. Beyond approximately 12 images, the LPIPS improve-
ment gradually saturates while the aAol continues to increase rapidly, suggesting diminishing
reconstruction returns under increasingly stale observation conditions.

For benchmarking, we adopt the following methodology:

* Training and evaluation: Eighteen out of the 19 available videos are used to train the 3D
scene representations, while the remaining one serves as the ground truth for evaluating

novel view synthesis performance, i.e., N = 18.

* Frame capture interval: Each camera captures frames at a fixed interval of 30 ms (30
FPS).

Evaluation on the VR-NeRF Eyeful Tower Dataset

The VR-NeRF Eyeful Tower dataset [80] is an outward-facing multi-view dataset specifically
designed for evaluating large-scale 3D scene representation and novel view synthesis. Unlike

inward-facing datasets such as DyNeRF, the cameras in Eyeful Tower are positioned around
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Figure 6.5: Results on the ZJU-MoCap dataset, trained with Nerfacto. The plots report LPIPS|
and aAolf as the number of training images increases.

outdoor landmarks and point outward, capturing diverse views of the scene under natural illu-
mination. This setting introduces greater challenges in terms of scale variation, occlusion, and
background complexity. Fig. 6.6 presents the reconstruction results on the VR-NeRF Eyeful
Tower dataset using 3D Gaussian Splatting under different numbers of transmitted observations.
Similar to the previous experiment, increasing the number of images consistently improves per-
ceptual reconstruction quality, with LPIPS decreasing from approximately 0.472 to 0.214, cor-
responding to an improvement of approximately 54.7%. The qualitative comparisons further
demonstrate progressively improved geometric completeness and sharper structural boundaries
in the highlighted regions as additional observations are incorporated into the reconstruction
process. At the same time, the aAol increases substantially from approximately 37 to 146, indi-
cating that higher reconstruction fidelity is achieved at the cost of increased temporal staleness.
Compared with the previous multi-robot telepresence experiment, the aAol growth in this dataset
is significantly more pronounced, suggesting that the larger-scale and more complex scene in-
troduces greater communication and reconstruction overhead during multi-view fusion. These
results further validate the central timeliness—fidelity tradeoff studied in this thesis: incorporat-
ing more observations generally improves reconstruction quality, but simultaneously increases
communication delay and observation staleness within distributed perception systems.

For benchmarking, we adopt the following methodology:
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Figure 6.6: Results on the VR-NeRF Eyeful Tower dataset, trained with 3D Gaussian Splatting.
The plots report LPIPS| and Aol{ as the number of training images increases.

* Training and evaluation: A subset (N = 18) of the outward-facing camera views is used
for training the 3D scene representations, while the remaining views are held out for eval-

uating novel view synthesis performance.

* Frame capture interval: Each camera records frames at a fixed interval of 33 ms (corre-
sponding to 30 FPS).

6.4.2 Evaluation on Packet Burstiness

To further investigate the impact of communication dynamics on 3D scene representations, we
simulate a GE channel model, which introduces packet burstiness and network latency into the
pipeline. Before the simulation begins, a time series map is generated for each of the 19 sensor
nodes, containing both the sending and receiving frame sequences. At each packet interval T;,
a frame is sampled and transmitted. After experiencing the total uplink delay Y}, the frame is

stored in the training buffer of the corresponding node within the scene representation module.

6.4.3 3D Scene Representation Methods

To analyze the timeliness—fidelity tradeoff in real-time 3D scene representations, we evaluate
our approach using three widely used neural scene representation methods.

Instant-NGP [52]

Instant-NGP is a NeRF-based 3D scene representation method. Utilizing a C++ embedded neu-
ral network structure, hash coding, and CUDA, Instant-NGP achieves state-of-the-art training
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speed among NeRF-style methods.

3D Gaussian Splatting [54]

3DGS represents a scene using a set of anisotropic 3D Gaussians instead of an implicit neural
field. Each Gaussian is parameterized by its position, covariance, opacity, and color, and the
scene rendering is achieved by splatting these Gaussians along camera rays. This explicit rep-
resentation enables real-time training and rendering, offering a significant speedup compared to
traditional NeRF-based methods while preserving high visual fidelity.

Nerfacto [57]

Nerfacto integrates camera pose refinement and per-image appearance conditioning to augment
representation quality. It applies the hash coding from Instant-NGP to accelerate training. Com-
pared with Instant-NGP’s CUDA-based core computing module, Nerfstudio is programmed in

Python and thus requires more computation time.

6.5 Performance Evaluation

In Fig. 6.3, to demonstrate the timeliness—fidelity tradeoff, we consider both the ®-threshold
and the @w-wait methods. In Fig. 6.8, to show the optimal performance achieved by the proposed
contextual-bandit PPO algorithm, we evaluate the training and testing results. The parameters
of the weighted objective F,, (¢, ;) are set to w, = —0.02, wy = 0.2, w; = 0.3, and w, = 0.015.

Before presenting the detailed comparisons, it is important to clarify a fundamental mecha-
nism difference between the @w-threshold and the @w-wait policies. Under the @-threshold policy,
image generation and transmission are continuous. At each time slot, the scheduler filters the
most recently received frames based on instantaneous Aol. Packets may already be in trans-
mission before the decision is made, and previously generated frames can still arrive and be
considered. The policy therefore operates on asynchronously received updates.

In contrast, under the w-wait policy, the waiting horizon is initiated at the decision epoch.
Only frames generated and transmitted after that time are accumulated for reconstruction. Prior
to the waiting decision, no packets are considered in transit for that reconstruction step. Because
the generation interval is much smaller than the average delay, during the waiting horizon almost
all cameras generate new frames. As a result, the reconstruction step at the end of the waiting
period effectively operates on a near-synchronized multi-view batch.

Therefore, the difference between the two policies is not merely a matter of delaying recon-
struction versus filtering by freshness. It originates from two fundamentally different temporal

acquisition mechanisms:

* o-threshold: asynchronous filtering of already in-flight updates;
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* @-wait: synchronized accumulation of newly generated updates.

This distinction is essential for interpreting the experimental results below.

6.5.1 Timeliness-Fidelity Tradeoff with w-Threshold Policy

Figure 6.3 illustrates the effect of the scheduling parameter @ € (0,120) in the ®-threshold
policy on the performance of 3D scene representations, measured by PSNR, SSIM, LPIPS, and
F,.

The results reveal an inherent tradeoff between timeliness and fidelity. As @y increases,
more packets satisfy the freshness constraint, improving the effective delivery rate. However,
a larger threshold also increases the probability that outdated frames are incorporated into the
reconstruction process. When @; becomes excessively large, stale information contaminates the
supervision set, leading to degraded representation quality.

In the high-traffic state (A, = A, = 1/60), the initial reconstruction quality is relatively low
due to high latency, yet it improves rapidly as @y increases and more packets are admitted. The
tradeoff point is reached earlier at @, = 50. The corresponding F;, curve exhibits a sharp decrease
at small @y, reflecting improved timeliness, but subsequently rises as stale-frame contamination
dominates.

In the low-traffic state (A, = 1/120,A; = 1/30), representation quality increases more slowly
due to reduced packet arrival rates. Nevertheless, the tradeoff point shifts to a higher threshold at
oy =72, since packet drops are less frequent and the probability of outdated frame contamination
is reduced.

Overall, these results confirm that under the w-threshold policy, the choice of @, directly
induces a timeliness—fidelity tradeoff in image metrics alone. This behaviour stems from the

asynchronous nature of filtering already in-flight updates.

6.5.2 Timeliness-Fidelity Tradeoff with ®w-Wait Policy

Figure 6.3 also illustrates the effect of @; under the @w-wait policy. In contrast to the @-threshold
strategy, the -wait curves do not exhibit a pronounced internal tradeoff point in the image
similarity metrics.

This behaviour is consistent with the mechanism described earlier. Because the -wait
policy accumulates only newly generated frames within the waiting horizon, it largely avoids
contamination from stale data. As a result, PSNR and SSIM increase steadily while LPIPS
decreases monotonically until convergence. Representation quality remains consistently higher
across a wide range of @y values.

In the high-traffic setting (A, = A; = 1/60), the curves start from a lower baseline due to la-
tency but rise quickly and converge around @; = 62. In the low-traffic setting (A, = 1/120,4, =

1/30), the curves increase more slowly yet eventually achieve a higher steady-state quality at
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Figure 6.7: Comparison of representation quality and overall performance under different
scheduling strategies and 3D scene representation methods. The two subfigures report PSNRT
and the F,,| as functions of the parameter ®. Results are shown for two policies (w-wait and
w-threshold).

@y = 105. However, when the Aol-aware penalty F,, is considered, a clear tradeoff re-emerges.
Increasing @, improves reliability by raising packet delivery probability, but simultaneously re-
duces freshness, resulting in higher penalties in F;,. Therefore, although the w-wait policy mit-
igates stale-data degradation in image metrics, it still reveals an inherent timeliness—reliability
tradeoff once freshness is explicitly evaluated. Moreover, as illustrated in Fig. 6.7, this time-
liness—fidelity tradeoff consistently emerges across different 3D scene representation methods,
demonstrating that the phenomenon is structural rather than specific to a single representation

model.

6.5.3 3D Scene Representations with Contextual-Bandit PPO

Figure 6.8 presents the training dynamics of the proposed RL scheduler under the SPP channel
model. Due to the increased state-space complexity introduced by semantic information and
burst-aware communication dynamics, the scheduler agent required approximately one hour of
offline training on an NVIDIA RTX 4090 GPU. Both scheduling paradigms exhibit steady per-
formance improvement as training progresses, confirming that the contextual-bandit PPO frame-
work is capable of capturing the timeliness—fidelity tradeoff through interaction with the com-
munication environment. Notably, the w-wait policy consistently outperforms the ®-threshold
policy in terms of instantaneous reward after convergence. Specifically, the learned scheduler
achieves r(s;,a;) = —0.46, PSNR = 30.05, SSIM = 0.793, and LPIPS = 0.248 under the ®-
wait mechanism. Although a fully random scheduling baseline was not explicitly implemented,
the early-stage exploratory behaviour provides an approximate reference for highly randomised
scheduling prior to policy convergence. The reward fluctuations during this stage are approxi-
mately within the ranges of —0.60 to —0.44 for the w-wait policy and —0.62 to —0.49 for the

o-threshold policy. After convergence, the reinforcement-learning-based scheduler stabilises
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around average rewards of approximately —0.45 and —0.48, respectively, corresponding to im-
provements of approximately 8.2% and 17.2% over the corresponding exploratory scheduling
behaviour. Nevertheless, this exploratory phase should not be interpreted as a formally con-
trolled uniform-random baseline, and a dedicated random scheduling comparison remains an
interesting direction for future investigation. Both the @-wait and ®-threshold policies demon-
strate stable reinforcement learning convergence behaviour over the training process. The ®-
wait policy improves its average instantaneous reward from approximately —0.57 to —0.45, cor-
responding to an improvement of about 21%. Similarly, the w-threshold policy improves from
approximately —0.67 to —0.48, corresponding to an improvement of about 28%. After conver-
gence, the proposed m-wait formulation consistently achieves approximately 6% higher reward
than the w-threshold policy while also exhibiting lower long-term reward variance. These results
indicate that the proposed scheduling strategy achieves more stable and effective optimisation
behaviour under the considered timeliness-aware communication setting.

This performance gap is consistent with the mechanism analysis presented earlier. Because
the frame generation interval is significantly smaller than the average delay, the w-wait strat-
egy effectively constructs near-synchronized multi-view batches, thereby reducing stale-data
contamination and improving reconstruction stability. The PPO agent exploits this structural
advantage by learning an appropriate waiting horizon that balances reliability and freshness un-
der the given traffic state. In contrast, under the @-threshold policy, the agent must operate on
asynchronously received and potentially in-flight updates. The policy, therefore, faces a more
delicate tradeoff between admitting additional views and preventing stale-frame contamination.
Although PPO successfully learns an effective threshold wy, the achievable reward is inherently
constrained by the asynchronous filtering mechanism.

Importantly, these results demonstrate that contextual-bandit PPO does not merely tune a
scalar scheduling parameter. Instead, it adapts the temporal acquisition strategy to the stochastic
communication dynamics, learning a state-dependent decision rule that aligns reconstruction
fidelity with observation freshness. This enables real-time 3D scene representation to operate

closer to the optimal timeliness—fidelity operating point under both scheduling paradigms.

6.6 Conclusion

This chapter investigated the fundamental timeliness—fidelity tradeoff in real-time 3D scene
representation under stochastic wireless communication. Unlike conventional neural rendering
pipelines that assume temporally consistent multi-view observations, we explicitly modelled the
impact of transmission delay and packet dynamics on reconstruction quality, and demonstrated
that timeliness constitutes a first-order system constraint rather than a secondary implementation
detail.

We first analysed two baseline scheduling mechanisms, namely the w-threshold and @-wait
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Figure 6.8: Training performance comparison of the two scheduling policies. The curves show
the average instantaneous reward as a function of the training episode, while the shaded areas
represent the standard deviation. Results are reported for the @w-wait and @-threshold policies.

policies, and showed that both induce inherent tradeoffs between observation freshness and
multi-view reliability. Through theoretical reasoning and empirical evaluation, we revealed that
the difference between these policies arises from their distinct temporal acquisition mechanisms:
the w-threshold policy filters asynchronously received updates, whereas the w-wait policy con-
structs quasi-synchronous batches by explicitly delaying reconstruction. This structural dif-
ference leads to fundamentally different operating characteristics under bursty communication

dynamics.

To overcome the rigidity of fixed scheduling rules, we formulated the problem as a contextual
bandit reinforcement learning task and proposed a single-step PPO-based scheduler. The learned
policy adapts the waiting or selection strategy according to the instantaneous Aol profile, en-
abling dynamic balancing between freshness and reconstruction fidelity. Extensive experiments
across inward-facing and outward-facing datasets, as well as under switched Poisson channel
models, confirmed that the proposed approach consistently achieves improved fidelity while
maintaining controlled Aol, demonstrating robustness across scene types and representation
methods.

Overall, this study establishes that timeliness-aware scheduling is a critical component of
networked 3D perception systems. By bridging communication dynamics and neural scene rep-
resentation, the proposed framework provides a principled foundation for integrating learning-

based scheduling into real-time robotic perception pipelines. Future directions include extending
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the formulation to multi-hop communication architectures, task-driven perception objectives,

and closed-loop embodied systems where perception, communication, and control are tightly

coupled.



Chapter 7

General Conclusion and Future Directions

7.1 Thesis Overview

This thesis investigated task-oriented, timeliness-aware 3D scene representation for robotic sys-
tems operating under sensing and communication constraints. Rather than treating perception
and communication as loosely coupled components, the thesis adopted a system-level perspec-
tive in which real-time 3D scene representation is shaped by physical acquisition, network dy-
namics, and downstream task objectives.

The central premise is that real-time 3D scene representation for robotics cannot be designed
in isolation from how observations are generated, transmitted, and consumed. In practical in-
spection and interaction scenarios, reconstruction fidelity, update freshness, and resource usage
(e.g., bandwidth and compute) must be jointly considered, since each directly affects what the
robot (or operator) can reliably perceive and act upon.

Across Chapters 4—6, the thesis developed this perspective progressively: Chapter 4 es-
tablished an embodied real-time 3D scene representation platform; Chapter 5 formalised the
timeliness—fidelity coupling under stochastic delays; and Chapter 6 extended the formulation

toward task-oriented communication and adaptive scheduling under bursty network dynamics.

7.2 Summary of Contributions

The main contributions of this thesis can be summarised along three connected directions.

1. Embodied Real-Time 3D Scene Representation Platform

Chapter 4 presented an embodied robotic platform for real-time 3D scene representation de-
veloped within the UKAEA RAICo project. The system integrates teleoperation-driven data
acquisition with deterministic camera pose recovery derived from robot kinematics and hand-

eye calibration, enabling reliable synchronization between captured images and camera poses
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during robotic operation.

On top of this acquisition pipeline, real-time neural 3D scene representation is performed
using Instant-NGP, allowing rapid updates of the scene representation as new observations are
collected. To improve robustness in cluttered inspection environments, object-centric prepro-
cessing, including detection and segmentation, is introduced prior to neural optimisation. For
deployment-level outputs required in inspection tasks, the neural radiance field can further be
converted into surface-continuous meshes through PGSR-based post-processing.

Furthermore, the platform serves as a physical testbed for active viewpoint planning, sup-
porting both human-in-the-loop exploration and algorithmic next-best-view strategies under re-

alistic robotic sensing constraints.

2. Timeliness-Fidelity Tradeoff Modelling

Chapter 5 introduced a modelling framework that links Age of Information (Aol) dynamics with
the quality of learned 3D scene representations. By integrating discrete-time Aol evolution with
reconstruction performance metrics, the chapter characterised how communication delay and
update staleness alter the supervision set used for multi-view learning, and thereby affect 3D
scene representation fidelity.

Building on this formulation, a learning-based scheduling approach was developed to op-
timise sensing and transmission decisions under timeliness constraints. Under the evaluated
bursty traffic settings, the learned scheduling policies achieved consistently better timeliness—
fidelity tradeoffs than fixed periodic baselines and simple heuristic rules, indicating that the op-
erating point of real-time neural 3D scene representation is strongly shaped by communication
dynamics.

This contribution reframed real-time 3D scene representation as a communication-constrained
optimisation problem, where temporal properties of the dataset (not only its geometric coverage)

become a first-order design variable.

3. Task-Oriented Communications for 3D Scene Representation

Chapter 6 extended the framework from timeliness-only scheduling toward task-oriented com-
munication strategies. Instead of treating all updates as equally valuable and minimising Aol
globally, the proposed formulation incorporates task-related context into the decision process,
allowing the scheduler to prioritise updates that are more likely to contribute to downstream 3D
scene representation quality under limited resources.

A joint state—action—reward design was introduced, enabling contextual scheduling policies
that integrate (i) timeliness indicators, (ii) bursty network conditions, and (iii) task/semantic
context extracted from the incoming visual stream. This aligns communication decisions with

task objectives, reducing unnecessary transmissions while preserving 3D scene representation
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fidelity where it matters most for inspection.
Together, Chapters 5 and 6 support the broader conclusion that communication policies for
robotic perception should be aware of both temporal dynamics and task objectives, rather than

optimising a single network-layer metric in isolation.

7.3 Limitations

Despite the demonstrated effectiveness of the proposed framework, several limitations remain.

First, experimental validation was conducted primarily in laboratory and semi-structured
inspection environments. Real nuclear decommissioning sites may introduce additional sensing
challenges, including radiation-related sensor degradation, extreme illumination variation, and
constrained communication infrastructure.

Second, the communication models assume that burstiness characteristics are either known
or can be estimated reliably. In highly non-stationary or adversarial conditions, the scheduling
policy may require explicit online adaptation or uncertainty-aware decision mechanisms.

Third, while reinforcement learning improves empirical performance under the tested set-
tings, interpretability remains limited and strong theoretical optimality guarantees are not pro-
vided.

Finally, the current platform is evaluated primarily in single-robot scenarios. Extending to
multi-robot cooperative 3D scene representation introduces coordination, synchronisation, and

inter-agent communication constraints that are not fully addressed in this thesis.

7.4 Future Research Directions

Building upon this thesis, several research directions emerge.

1. Fully Autonomous View Planning

While the current framework supports teleoperation and provides a basis for active planning, fu-
ture work can integrate task-aware scheduling with continuous trajectory optimisation to enable

fully autonomous inspection under communication constraints.

2. Multi-Robot Distributed 3D Scene Representations

Extending timeliness-aware modelling to distributed multi-robot systems would enable scalable
inspection in large industrial environments. Key challenges include joint Aol modelling across

agents, coordinated scheduling, and distributed fusion of partially asynchronous observations.
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3. Robustness in Extreme Environments

Adapting neural 3D scene representation and scheduling policies to radiation, underwater, or
low-visibility conditions remains an important practical extension, particularly when sensing

quality and network reliability degrade simultaneously.

4. Cross-Layer Co-Design

Future work may explore tighter integration between physical-layer communication controls
(e.g., rate adaptation and retransmission strategies) and high-level 3D scene representation ob-
jectives, enabling end-to-end optimisation from wireless transmission to task-level perception

performance.

5. Outstanding Challenges for Real-World Deployment

Despite the promising results presented in this thesis, several challenges remain before timeliness-
aware 3D scene representation systems can be fully deployed in robotic environments. Cur-
rent neural reconstruction pipelines remain computationally expensive for continuously updat-
ing high-fidelity representations under streaming conditions. Dynamic scenes, asynchronous
sensor updates, and communication instability may further introduce temporal inconsistencies
and reconstruction artefacts. In addition, future systems will require tighter integration between
sensing, communication, edge computation, and task-oriented semantic reasoning in order to

support robust long-term robotic operation.

6. Ablation Study for State Info in Chapter 6

Although the proposed scheduler jointly considers observation freshness, semantic information,
and camera-related state variables, this thesis does not perform a comprehensive ablation anal-
ysis of each individual state component. Such analysis could provide additional insight into
the relative contribution of different information sources to scheduling performance and pol-
icy behaviour, and therefore represents an important direction for future work. In particular,
understanding how different semantic, temporal, and geometric state representations influence
scheduling decisions may further improve the interpretability and generalisability of timeliness-

aware perception policies.

7.5 Concluding Remarks

A central insight of this thesis is that, in networked robotic perception, the supervision set used
for 3D scene representation is not a static dataset but a stochastic object shaped by sensing dy-

namics, communication delays, and scheduling decisions. Consequently, reconstruction quality
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is not determined solely by model capacity or optimisation strategy, but also by how, when, and
which observations are acquired and transmitted.

This thesis advanced the understanding of how real-time 3D scene representation should be
designed for robotic systems operating under realistic sensing and communication constraints.
By combining an embodied reconstruction platform with timeliness-aware modelling and task-
oriented scheduling, the thesis showed that reconstruction fidelity and resource efficiency need
not be treated as opposing goals; instead, they can be jointly optimised when communication
and perception are co-designed around the task.

The resulting framework provides a foundation for future research in communication-aware
robotic perception and supports progress toward deployable real-time 3D modelling for safety-

critical inspection environments.
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