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ABSTRACT

This thesis investigates how geometric inductive biases can address fundamental limi-
tations in deep learning for 3D point clouds, particularly for safety-critical applications
such as power grid inspection. Despite remarkable progress in 3D scene understanding,
most state-of-the-art models operate as black-boxes, requiring substantial computational
resources and large datasets to rediscover basic geometric relationships that could be
encoded as priors. This gap becomes especially problematic in infrastructure monitoring,

where interpretability, efficiency, and reliability are paramount.

We propose a novel research direction into geometric inductive biases (GIBs) through
three distinct paradigms that span the interpretability-performance spectrum. Our first
contribution, SCENE-Net, demonstrates that fully interpretable white-box models based
on Group Equivariant Non-Expansive Operators (GENEOs) can achieve competitive
performance with five orders of magnitude fewer parameters than black-box alternatives.
Building on this foundation, SCENE-Net V2 introduces a gray-box approach that combines
interpretable geometric feature extraction with standard black-box classification, bridging
the gap between transparency and expressiveness for multiclass segmentation tasks.
Finally, GIBLy addresses scalability limitations through lightweight geometric bias layer
that operates directly on raw point clouds, enabling seamless integration with any 3D
backbone while eliminating the computational bottlenecks of voxelization.

To support evaluation in power grid inspection applications, we introduce TS40K,
the first large-scale benchmark for rural power grid inspection. Comprising over 40,000
kilometers of densely annotated UAV-acquired LiDAR data, TS40K captures the unique
challenges of infrastructure monitoring. In this benchmark, we establish new performance
records with 72% IoU for towers and 97% IoU for power lines. While our work confirms
the existence of an interpretability-performance trade-off, we show that this trade-off need
not be steep when geometric priors align well with task structure. To show the practical
application of our work, we develop an inspection tool that utility operators can use for
real-time monitoring and analysis of power grid infrastructure. This tool also includes
a cost-benefit analysis and human-in-the-loop validation, demonstrating the viability of
our approach in real-world deployment.



This research contributes to advancements in geometric 3D deep learning by showing
that explicit geometric knowledge enhances learning, offering a path toward 3D scene
understanding methods that are more robust, efficient, and with higher performance to

guarantee real-life impact in critical venues such as power grid inspection.

Keywords: 3D Scene Understanding, Geometric Inductive Biases, Interpretable Machine

Learning, Power Grid Inspection, 3D Semantic Segmentation, LiDAR Point Clouds
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REsumMo

Esta tese investiga como os geometric inductive biases podem abordar limita¢des fundamen-
tais em aprendizagem profunda 3D, particularmente para aplicagdes criticas de seguranca
como a inspecado de redes elétricas. Apesar do progresso notavel em 3D scene understanding,
a maioria dos modelos de estado da arte operam como black boxes, requerendo bastan-
tes recursos computacionais e grandes quantidades de dados para redescobrir relagoes
geométricas bésicas que poderiam ser codificadas como priors. Esta lacuna torna-se espe-
cialmente problematica na monitorizagdo de infraestruturas, onde a interpretabilidade,

eficiéncia e fiabilidade sdo fundamentais.

Propomos uma exploragdo de geometric inductive biases (GIBs) através de trés paradig-
mas distintos que abrangem o espectro interpretabilidade-performance. A nossa primeira
contribui¢do, SCENE-Net, demonstra que modelos white-box completamente interpreta-
veis baseados em Group Equivariant Non-Expansive Operators (GENEOs) podem alcangar
uma performance competitiva com menos cinco ordens de magnitude do nimero de para-
metros. Baseando-se nisto, SCENE-Net V2 introduz uma abordagem gray-box que combina
extragdo de caracteristicas geométricas de forma interpretdvel com classificagdo feita por
modelos black-box standard, preenchendo a lacuna entre transparéncia e expressividade
para segmentacdo multiclasse. Finalmente, GIBLy aborda limitacdes de escalabilidade
através de geometric inductive bias layers leves que operam diretamente em point clouds, per-
mitindo uma integragdo fluida com qualquer backbone 3D enquanto elimina por completo

as desvantagens computacionais da voxelizagao.

De forma a realizdrmos uma avaliagdo rigorosa no dominio das redes elétricas, intro-
duzimos TS40K, o primeiro benchmark de larga escala para inspegdo de redes elétricas
em ambientes rurais. Este dataset inclui mais de 40.000 quilémetros de dados LiDAR
completamente anotados e demonstra os desafios tinicos da monitorizagdo de infraestru-
turas. Com o nosso benchmark, estabelecemos novos recordes de performance com 72%
IoU para torres e 97% IoU para linhas de energia. Embora o nosso trabalho confirme a
existéncia de um trade-off entre interpretabilidade e performance, demonstramos que este
trade-off ndo precisa de ser acentuado quando os priors geométricos se alinham bem com a

tarefa em questdo. De forma a demonstrar a utilidade e relevancia da nossa investigacao,
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desenvolvemos um programa para inspecdes elétricas de facil utilizagdo que inclui uma
andlise custo-beneficio e uma validagdo por responsaveis de manutengdo enquanto o
programa corre. Isto demonstra a viabilidade da nossa abordagem em cenarios reais.

Por dltimo, a nossa investigagdo contribui para a aprendizagem geométrica profunda
ao mostrar que o conhecimento geométrico explicito melhora em vez de restringir a
aprendizagem. Isto abre um caminho para sistemas de segmentacdo 3D que sdo simulta-
neamente interpretaveis, eficientes e operacionalmente vidveis para aplicagdes criticas de
seguranca.

Palavras-chave: 3D Scene Understanding, Geometric Inductive Biases, Interpretable Ma-
chine Learning, Power Grid Inspection, 3D Semantic Segmentation, LiDAR Point Clouds
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SOMMARIO

Questa tesi indaga come i geometric inductive biases possano risolvere limitazioni fonda-
mentali nel deep learning 3D, in particolare per applicazioni critiche di sicurezza come
I'ispezione delle reti elettriche. Nonostante i progressi significativi nel campo del 3D
scene understanding, la maggior parte dei modelli allo stato dell’arte funziona come black
boxes, richiedendo ingenti risorse computazionali e grandi quantita di dati per riscoprire
relazioni geometriche di base che potrebbero invece essere incorporate come priors. Questa
lacuna si rivela particolarmente problematica nel contesto della monitorizzazione delle

infrastrutture, dove interpretabilita, efficienza e affidabilita sono elementi fondamentali.

In questa tesi, proponiamo un’esplorazione dei geometric inductive biases (GIBs) attra-
verso tre paradigmi distinti che coprono l'intero spettro interpretabilita—performance.
Il nostro primo contributo, SCENE-Net, dimostra che modelli white-box completamente
interpretabili, basati su Group Equivariant Non-Expansive Operators (GENEOs), possono
raggiungere performance competitive, con un numero di parametri inferiore di cinque
ordini di grandezza rispetto ai metodi black-box. Su questa base, SCENE-Net V2 introduce
un approccio gray-box che combina un’estrazione interpretabile di caratteristiche geome-
triche, con una classificazione effettuata da modelli black-box standard, colmando il divario
tra trasparenza ed espressivita nella segmentazione multiclasse. Infine, GIBLy affronta
le limitazioni di scalabilita attraverso geometric inductive bias layers leggeri che operano
direttamente su nuvole di punti, consentendo un’integrazione fluida con qualsiasi backbone

3D ed eliminando completamente gli svantaggi computazionali legati alla voxelizzazione.

Per condurre una valutazione rigorosa nel campo delle reti elettriche, introduciamo
TS40K, il primo benchmark su larga scala per l'ispezione di reti elettriche rurali. Questo
dataset comprende oltre 40.000 chilometri di dati LIDAR completamente annotati e
cattura le sfide tipiche della monitorizzazione infrastrutturale: diversita strutturale negli
oggetti critici, artefatti di acquisizione che si confondono con gli elementi della linea
elettrica e labels semanticamente imprecise. La nostra validazione sperimentale su questo
e altri quattro benchmarks evidenzia come i geometric inductive biases forniscano vantaggi

consistenti quando i dati presentano sufficiente dettaglio geometrico.

Nel caso specifico dell'ispezione delle reti elettriche, abbiamo stabilito nuovi record di
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performance con il 72% di IoU per le torri e il 97% di IoU per le linee elettriche. Sebbene
il nostro lavoro confermi 1’esistenza di un trade-off tra interpretabilita e performance,
mostriamo che questo trade-off non deve necessariamente essere marcato quando le priors
geometriche sono ben allineate con il compito da svolgere. Per dimostrare 1'utilita e la
rilevanza della nostra ricerca, abbiamo sviluppato un programma per ispezioni elettriche
di facile utilizzo che include un’analisi costo-beneficio e una validazione da parte dei
responsabili della manutenzione durante I’esecuzione del programma. Questo dimostra
la fattibilita della nostra proposta in scenari reali.

In conclusione, la nostra ricerca contribuisce al geometric deep learning mostrando che
la conoscenza geometrica esplicita non limita ma potenzia la capacita di apprendimento.
Cio apre la strada a sistemi di segmentazione 3D allo stesso tempo interpretabili, efficienti

e operativamente validi per applicazioni critiche di sicurezza.

Parole Chiave: 3D Scene Understanding, Geometric Inductive Biases, Interpretable Ma-
chine Learning, Power Grid Inspection, 3D Semantic Segmentation, LiDAR Point Clouds
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1

INTRODUCTION

3D scene understanding is a rapidly evolving field in computer vision, with applications
spanning autonomous driving, robotics, or augmented reality. Atits core, the field involves
interpreting 3D data, whether point clouds, meshes, or volumetric representations, to
extract meaningful insights about the environment. The central problems tackled include
semantic segmentation, object detection, and scene reconstruction, where models must
assign semantic labels to points or regions, identify and localize distinct objects, and build

structured 3D representations from 2D images.

While traditional signal and image processing have laid strong foundations, introduc-
ing a third spatial dimension brings both unique advantages and significant challenges.
On the positive side, 3D data captures spatial geometry more faithfully than 2D projec-
tions, enabling accurate depth perception, size and shape estimation, and precise spatial
localization, all crucial in dynamic environments such as traffic scenes. Moreover, 3D data
is less susceptible to environmental conditions like lighting changes or motion blur, which
often degrade 2D image quality. However, these advantages come at a cost. Point clouds,
despite being one of the most common formats of 3D data, lack regular structure, suffer
from non-uniform sampling, and are permutation invariant, making them difficult to pro-
cess with standard convolutional architectures that thrive on grid-like data. Volumetric
representations impose structure through voxelization but face significant memory and
computational costs, especially in large-scale scenes, due to their cubic scaling. Meshes
introduce yet another layer of complexity, with irregular topologies that require expen-
sive operations such as remeshing or normal estimation and customized convolutions on

graph-like structures.

Despite these obstacles, the field has progressed rapidly over the past decade. The
emergence of deep learning models has dramatically advanced 3D scene understanding,
from the seminal PointNet [78] to transformer-based approaches [110, 111, 121], alongside
large annotated datasets such as SemanticKITTI [6], ScanNet [23], and NuScenes [12]. These
developments have driven remarkable improvements in performance and robustness
across diverse applications. However, a clear trend has emerged. As models continue to

grow in depth and scale — for example, Point Transformer V3 [111] nearly quadruples the

1



CHAPTER 1. INTRODUCTION

parameter count of its predecessor (from 12.8M to 46.2M) — the performance gains have
become increasingly marginal, often limited to improvements of only 1-3% in mean IoU
across major benchmarks. These incremental advances depend on heavy computational
resources, massive datasets, and multi-dataset training pipelines that are accessible only
to large research groups or industry laboratories.

This pattern raises a critical question: can we design better-performing models without
simply scaling up data and model size? To understand this challenge, it is useful to revisit the
evolution of 2D vision. The rise of convolutional neural networks (CNNSs) transformed
the field not by increasing the expressive power of neural networks, since fully connected
networks are universal function approximators, but by embedding strong inductive biases.
CNNs exploit two fundamental assumptions: that local regions contain meaningful
information and that similar features may appear across spatial locations. Through
locality and translation equivariance, these models learn efficiently, generalize better, and
require fewer parameters than fully connected architectures that treat all input pixels as
independent and unstructured. In short, the success of CNNss stems from the introduction
of inductive biases that mirror the geometric properties of images.

In 3D scene understanding, however, such inductive biases are still largely absent.
Many early methods attempted to impose structure on 3D data to reuse well-understood 2D
operations. Multi-view approaches projected point clouds into 2D images from multiple
viewpoints [26, 54, 91], allowing the use of CNNs trained on projected depth or intensity
maps. Volumetric methods [15, 72, 120] discretized 3D space into voxels, enabling 3D
convolutions but introducing quantization errors and severe memory bottlenecks. These
strategies improved early performance but remained inefficient, losing resolution and
geometric relationships present in 3D data. To address these limitations, point-based
models emerged [44, 47, 58, 78-80, 96], operating directly on raw point clouds. They retain
spatial precision, but often struggle to define consistent local neighborhoods. Recent
attention-based methods extended these ideas further. Inspired by Transformers [104],
several works adapted self-attention to unordered 3D points [48, 49, 76, 106, 110, 111,
121], achieving state-of-the-art benchmark results. Yet, these architectures remain largely
data-driven and agnostic to geometry: their inductive biases come from generic attention
mechanisms rather than explicit spatial structure.

This brings us to a key insight: 3D data is inherently geometric. Unlike images,
which are projections of reality onto a 2D plane, 3D data directly encodes the true
spatial relationships between points, objects, and surfaces in the physical world. Depth,
orientation, and curvature are intrinsic to this representation, not inferred. Nonetheless,
current models largely ignore this fundamental property, learning spatial reasoning
implicitly rather than exploiting the geometry explicitly embedded in the data. As a result,
they require vastamounts of data to learn patterns that could otherwise be modeled directly
through geometric principles. In this thesis, we explore the hypothesis that embedding
geometric inductive biases into learning architectures can improve performance and

interpretability without relying solely on data or model scaling. Geometric inductive biases
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(GIBs) can be seen as architectural constraints that reflect known geometric principles,
such as symmetry, invariance, and locality in 3D space. By introducing these biases
explicitly, models can learn more efficiently, generalize across domains, and maintain
transparency in their decision-making.

In parallel to this methodological challenge, we also focus on practical applications of
geometric inductive biases. Research efforts have focused primarily on benchmark-rich
domains such as autonomous driving or indoor mapping; however, safety-critical real-
world applications remain underexplored. Power grid inspection exemplifies this gap:
despite the maturity of 3D scene understanding techniques, infrastructure monitoring
still depends largely on manual visual assessment. In Portugal, this process is carried
out by companies such as EDP, the country’s largest energy distributor, and Labelec,
its dedicated research and testing center, which performs periodic inspections of power
lines both domestically and abroad. Through a close collaboration and internship with
these organizations, this work directly addresses the challenges they face in automating
inspection pipelines and bridges academic research with industrial needs. Specifically,
human operators must inspect thousands of kilometers of power lines, a process that is
costly, time-consuming, and prone to human error. Missed defects can lead to severe
outcomes, including power outages, infrastructure damage, or even wildfires. Automating
this task requires models that are not only accurate but also reliable, explainable, and
efficient.

1.1 Thesis Overview and Contributions

This thesis addresses these fundamental challenges by exploring the integration of geo-
metric inductive biases (GIBs) into 3D deep learning, with a particular focus on advancing
both methodology and practical applications in safety-critical domains. Through a com-
prehensive research program spanning interpretable architectures, benchmark dataset
development, and real-world deployments, this work advances our understanding of how
explicit geometric knowledge can enhance both the performance and interpretability of
3D scene understanding systems. We argue that geometric inductive biases, similar to
the domain-specific assumptions that powered CNNs in 2D vision, can and should be
embedded into 3D scene understanding models. By explicitly modeling local geometric
relationships, we can guide feature learning in ways that improve generalization, reduce
reliance on massive datasets, and yield more interpretable and efficient models. The
integration of these biases is not merely an academic exercise but a practical necessity for
achieving reliable, scalable, and trustworthy 3D analysis systems tailored to high-impact
domains. Our approach incorporates GIBs through three complementary methodologies,

each representing a different point along the interpretability-application spectrum:

White-box Interpretable Models. Our first contribution, SCENE-Net, demonstrates
that fully interpretable models can achieve competitive performance on specialized tasks
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when equipped with appropriate geometric priors. By leveraging Group Equivariant
Non-Expansive Operators (GENEOs) as building blocks, SCENE-Net embeds domain
knowledge directly into its architecture, making every computational step traceable and
meaningful. The model achieves remarkable parameter efficiency, delivering competitive
results with five orders of magnitude fewer parameters than state-of-the-art baselines. This
work corresponds to the published paper: Lavado, D., Bocchi, G., Frosini, P., Micheletti,
A. and Soares, C., 2025, SCENE-Net: Geometric Induction for Interpretable and Low-Resource
3D Pole Detection with Group-Equivariant Non-Expansive Operators. In the Computer Vision

and Image Understanding journal.

Gray-box Hybrid Approaches. Recognizing the limitations of purely white-box ap-
proaches in handling multiclass setups, SCENE-Net V2 introduces a hybrid paradigm
that combines interpretable geometric feature extraction with black-box classification. By
using GENEOs as feature extractors followed by traditional neural network classifiers,
this approach preserves the interpretability of geometric priors while gaining the expres-
siveness needed for complex segmentation tasks. This work was published as Lavado,
D., Soares, C. and Micheletti, A., 2024, SCENE-Net V2: Interpretable Multiclass 3D Scene
Understanding with Geometric Priors. In ICML 2024 Workshop on Geometry-grounded
Representation Learning and Generative Modeling.

Lightweight Bias Layers for 3D Backbones. Our final methodological contribution,
GIBLy (Geometric Inductive Bias Layer), addresses the scalability limitations of voxel-
based approaches by introducing lightweight geometric inductive bias layers that operate
directly on raw point clouds. GIBLy can be seamlessly integrated into any 3D backbone,
adding only minimal parameters while consistently improving performance across diverse
benchmarks by up to +11.48% mean IoU. This work was submitted to the Winter Confer-
ence on Applications of Computer Vision (WACV) 2026 with the title: GIBLy: Improving
3D Semantic Segmentation through an Architecture-Agnostic Lightweight Geometric Inductive
Bias Layer.

Power Grid Inspection Dataset. Beyond methodological innovations, we recognized the
need for a comprehensive dataset with meaningful labels to modernize rural power grid
inspections with 3D Deep Learning. TS40K, our large-scale LiDAR dataset for rural power
grid inspection, fills a significant gap in 3D computer vision benchmarks. Comprising
over 40,000 kilometers of densely annotated transmission corridors, TS40K captures the
unique challenges of infrastructure monitoring: extreme class imbalance, high-density
noise, structural diversity, and realistic label noise. This work was published as Lavado,
D., Santos, R., Coelho, A., Santos, J., Micheletti, A. and Soares, C., 2025, Learning Under
Noisy Labels, Spurious Points, and Diverse Structures: TS40K, a 3D Point Cloud Dataset of
Rural Terrain and Electrical Transmission Systems. In 2025 IEEE/CVF Winter Conference on
Applications of Computer Vision (WACV).
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End-to-End Inspection Pipeline. Finally, we demonstrate the practical viability of our
approaches through a complete inspection pipeline that integrates computer vision pre-
dictions with human-in-the-loop validation and cost estimation. This system achieves
industry-relevant performance, with IoU exceeding 72% for towers and 97% for power
lines when enhanced with our geometric inductive biases. This work was submitted for
publication to the IEEE journal of Power and Energy with the custom title: A Cost-Aware
Machine Learning Decision Support System for LIDAR-Based Power Grid Inspections.

1.2 Research Methodology and Novelty

Our research methodology centers on the integration of geometric inductive biases
through the mathematical framework of Group Equivariant Non-Expansive Operators
(GENEO:s) [8, 13]. GENEOs provide a theoretical foundation that can, for instance, gener-
alize traditional convolutions to arbitrary topological spaces. This enables the design of
operators that respect geometric transformations while maintaining mathematical guar-
antees of non-expansiveness and convergence. The innovation lies in our recognition that
GIBs need not be fixed architectural constraints but can be learned, differentiable modules
that adapt to task-specific requirements. This insight enables three distinct integration
strategies:

Full Integration: SCENE-Net demonstrates how geometric operators can form the com-
plete computational backbone of a neural network. Every stage performs an interpretable
operation, resulting in a white-box system where feature extraction directly corresponds
to meaningful geometric measurements. This approach proves particularly effective for
specialized tasks where domain knowledge can be precisely encoded.

Hybrid Integration: SCENE-Net V2 explores the middle ground by using geometric
operators for initial feature extraction while employing traditional neural networks for
final classification. This gray-box approach maintains interpretability in the geometric
processing stages while providing flexibility for complex decision boundaries that may
not have simple geometric interpretations.

Augmentative Integration: GIBLy represents the most pragmatic approach, introduc-
ing geometric processing as lightweight enhancement layers within existing architectures.
This strategy preserves the power of state-of-the-art models and consistently improves
upon it across diverse scenarios. However, it comes at the cost of losing most of its inter-
pretability. Here, GIBs primarily serve as high-level feature extraction layers for geometric

cues, rather than providing transparent, step-by-step reasoning.

On the other hand, from a practical perspective, this thesis establishes new standards for
automated infrastructure inspection. The TS40K dataset provides the research community
with its first large-scale, publicly available benchmark for rural power grid monitoring,
while our inspection pipeline demonstrates operational viability with quantitative cost-

benefit analysis. We reach industry-relevant performance thresholds that guarantee a safe
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and robust inspection process with minimal human intervention. This directly translates
into a significant cost reduction, a quicker inspection turnaround, and improved overall

system reliability.

1.3 Document Structure

The remainder of this document is organized to provide a comprehensive account of our
research contributions and their implications for the field of 3D scene understanding;:

Chapter 2 provides a thorough review of related work, examining the evolution of
3D deep learning architectures, the mathematical foundations of geometric inductive
biases, and current approaches to infrastructure monitoring. This review establishes the
theoretical and practical context for our contributions.

Chapter 3 presents the TS40K dataset, our foundational contribution that enables
evaluation of 3D scene understanding methods in the context of power grid inspection. We
detail the data collection process, annotation methodology, and comprehensive benchmark
evaluation that establishes baseline performance for this challenging domain.

Chapter 4 describes the development and evaluation of our practical inspection pipeline.
This chapter demonstrates how academic research can be translated into operational tools,
including detailed cost-benefit analysis and integration strategies for existing maintenance
workflows.

Chapter 5 introduces SCENE-Net, our first approach to incorporating geometric induc-
tive biases through fully interpretable architectures. We demonstrate their effectiveness
in creating transparent, efficient models for supporting tower 3D segmentation.

Chapter 6 extends this work with SCENE-Net V2, exploring gray-box architectures that
balance interpretability with performance. This chapter examines the trade-offs inherent
in hybrid approaches and demonstrates that a set of carefully designed GIBs can enhance
multiclass segmentation.

Chapter 7 presents GIBLy, our architecture-agnostic approach to integrating geometric
inductive biases into existing 3D models. We demonstrate consistent performance im-
provements across diverse benchmarks and analyze the scalability advantages of operating
directly on point clouds rather than voxelized representations.

Finally, Chapter 8 synthesizes our findings, discusses their implications for the broader
tield of 3D scene understanding, and outlines promising directions for future research.
We examine how geometric inductive biases might evolve and consider their potential

impact on other domains requiring interpretable, efficient 3D analysis.
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RELATED WORK

This chapter surveys the main theoretical and methodological background that underpin
this thesis. Section 2.1 traces the development of 3D scene understanding, highlighting the
main challenges of working with point clouds and reviewing the progression from early
projection and voxel-based techniques to current point-based and hybrid models, along
with a summary of important benchmark datasets. Section 2.2 discusses the concept of
inductive bias in deep learning, outlining its significance, the adaptation of convolutional
operators, and the emergence of group equivariant approaches. Section 2.3 introduces
the Group Equivariant Non-Expansive Operators (GENEOs) framework, explaining its
topological underpinnings, the shift from raw data to functional representations, and the
formal definition of GENEOs as a foundation for geometric inductive biases used in this
work.

21 Overview of 3D Scene Understanding

2.1.1 Introducing 3D Point Clouds

Point clouds have become a standard representation for capturing and analyzing three-
dimensional environments. At their core, point clouds are unordered sets of points
defined in Euclidean space, typically represented as P € RNX(+C) where N is the number
of points, each described by spatial coordinates (x, y,z) and C are optional additional
teatures such as color (RGB), surface normals, intensity, or semantic labels.

The widespread adoption of depth-sensing technologies, such as LiDAR and RGB-D
cameras [1, 89], has facilitated the collection of large-scale point clouds. Consumer devices
like smartphones and autonomous vehicles now routinely generate high-resolution point
clouds [59], fueling the creation of large-scale annotated datasets such as ScanNet [23],
S3DIS [3], KITTI [6], among others. These resources have become foundational benchmarks
for advancing 3D scene understanding using data-driven approaches.

Even though point clouds have a compact format and are extremely detailed, they also
pose a unique set of challenges for deep learning methods, primarily due to their irregular,
unordered, and variable-density nature:



CHAPTER 2. RELATED WORK

. .
-, -
s 4 o
- . L L I L ]
dense ragion -y 4
el . -
el . o 3 L s
b 1] 1
* i . L .
¢ . s . . .
- I
(a) Irregular, Sparse and dense regions (b) Unstructured, No () Unordered, As a set, point cloud is invariant to permu-
grid. each point is tation
independenmt and dis-
tance between neigh-
boring pn]l:h. is ol
fixed

Figure 2.1: Key challenges in processing 3D point clouds [7]. (a) Heterogeneous density:
objects may contain both densely and sparsely sampled regions, complicating local feature
extraction. (b) Lack of structure: unlike images, point clouds do not lie on a regular grid,
requiring custom neighborhood and aggregation strategies. (c) Permutation invariance:
the order of points does not alter the underlying geometry, demanding specialized model
designs to ensure robustness.

Irregular Sampling and Heterogeneous Density: Unlike images that present uniform
pixel spacing, point clouds may exhibit uneven sampling densities across different parts
of a scene. Objects can have both dense and sparse regions depending on occlusions,
sensor perspective, or reflectivity, as shown in Fig. 2.1 (a). This irregularity complicates
local feature extraction and challenges models reliant on fixed-size neighborhoods (e.g.,
k-NN), which can either miss fine-grained details or incorporate irrelevant context.

Lack of Structure: Point clouds are inherently unstructured. They donotlie on a regular
grid, and there is no implicit ordering or spatial adjacency like in image pixels, as illustrated
in Fig. 2.1 (b). This absence of structure means that traditional convolutional architectures
are not directly applicable. Instead, learning effective point-wise representations requires
custom aggregation functions or graph-based reasoning to capture local geometry and
long-range dependencies.

Permutation Invariance: Point clouds are independent of the order in which they are
stored, as it does not change the represented scene. This is depicted Fig. 2.1 (c). Deep
learning methods often correlate the order of the input to the intended output. However,
invariance to permutations clashes with this behavior. As a result, state-of-the-art methods
often show additional strategies to mitigate this challenge.

2.1.2 Projection-based Methods

A straightforward strategy to apply well-established 2D learning techniques to 3D data is
to project point clouds into multiple 2D views. Projection-based methods render 3D scenes
from different camera perspectives and apply 2D convolutional neural networks (CNNs)
to the resulting images, typically RGB or depth maps, as illustrated in Figure 2.2b. This
paradigm benefits from leveraging powerful pretrained 2D backbones, such as ResNet [42],
and has shown strong performance in early 3D classification and retrieval tasks [26, 54,
68,91, 117].
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(a) Voxelization. (b) Multi-view projection.

Figure 2.2: Structured-based learning techniques for 3D scene understanding [7]. (a)
Voxelization introduces regular grids for 3D convolutions, supporting efficient spatial
reasoning but limited by quantization artifacts and memory inefficiency. (b) Multi-view
projection enables the use of powerful 2D CNNs on 3D data, leveraging pretrained image
models but losing depth information, struggling with occlusions, and missing fine 3D
details critical for scene understanding.

Despite these strengths, the inherent loss of depth information and the difficulty of
occlusion handling limit their expressiveness in more complex tasks. For instance, multi-
view pipelines may struggle to accurately capture spatial context or reconstruct fine 3D
structures, which are essential for scene-level tasks such as 3D semantic segmentation
or object detection [40]. Moreover, generating and fusing multiple 2D projections can
introduce additional computational overhead. Consequently, projection-based methods
have been mostly superseded by more expressive volumetric or point-based approaches
in current research.

2.1.3 Voxel-based Methods

To introduce structure into the inherently unstructured nature of point clouds, voxel-based
methods discretize 3D space into regular grids, typically denoted as N x M X K voxel
volumes. Each voxel aggregates local geometric information, often through occupancy
or density statistics, allowing the use of 3D convolutional kernels over the structured
tensor. Early works such as VoxNet [72] and more recent advances like MinkowskiNet [18]
demonstrate the viability of this approach for large-scale scene understanding.

Figure 2.2a illustrates how voxelization transforms a 3D point cloud into a structured
voxel grid. In this format, each voxel at aggregates points from the original data, and
a representation function encodes the presence or density of points within each voxel.
Encoding the density of point in a 3D voxel often leads to extremely small values rep-
resenting sparse regions, which can affect the training process of deep learning models.
Thus, a common practice is to use a binary occupancy function, where each voxel is
assigned a value of one if it contains points and zero otherwise. As depicted in Figure 2.2a,
voxelization reduces the sharpness of objects discretized, which results in loss of geometric
detail at lower resolution voxel grids. Increasing the grid resolution can mitigate this,

but comes at the cost of significantly higher memory usage and computational overhead,
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as most voxels remain empty and 3D convolutions are inherently more expensive than
their 2D counterparts [40] (with a relative cost 3 times higher). This trade-off between
resolution and efficiency means that low-resolution grids are fast but imprecise, whereas
high-resolution grids are accurate but resource-intensive [7, 40].

To address these limitations, octree-based methods [55, 107] partition the space hier-
archically, refining only occupied regions and enabling higher effective resolutions (up
to 256° voxels) without excessive memory consumption. In octree representations, the
space is recursively subdivided, focusing computation on non-empty voxels and reducing
the impact of sparsity. Despite these advances, point-based approaches have largely
surpassed voxel-based methods in both accuracy and computational efficiency for many

3D scene understanding tasks.

2.1.4 Point-based Methods

Rather than altering the input structure, point-based methods operate directly on raw
point clouds without imposing a voxel grid or projecting the data. This preserves the
geometric fidelity of the original input and avoids quantization artifacts. The seminal
PointNet architecture [78] pioneered this idea by applying shared Multi-Layer Perceptrons
(MLPs) to each point individually, followed by a symmetric global aggregation function to
ensure permutation invariance. Building on this, PointNet++ [79] introduced hierarchical
feature learning by grouping points into local neighborhoods, enabling the extraction of
local geometric features. Since then, a rich landscape of point-based methods has emerged,
employing point convolutions [96], attention mechanisms [121], or newer version of MLP-
based networks [80] to better capture inter-point relationships. Thus, we can subdivide
point-based methods into three main categories: MLP-based, convolutional, and attention-
based methods.

2.1.4.1 MLP-based Methods

MLP-based methods, such as PointNet [78] and PointNet++ [79], rely on shared MLPs to
process point clouds. They introduced the concept of hierarchical feature learning, where
local neighborhoods are formed and processed by multiple layers of MLPs and iteratively
expand the receptive field to capture both local and global context. Additionally, they take
advantage of symmetric functions, such as max or average pooling, to aggregate features
across points, ensuring permutation invariance.

More recently, PointNeXt [80] revisited the MLP-based paradigm with a deeper and
modular architecture that incorporates residual connections, local normalization, and
an advanced data augmentation regime to improve performance and training stability.
First, it employs an initial MLP block to project the feature space of the input points into
a higher-dimensional space, akin to traditional transformer-based methods. Second, it
introduces a local coordinate normalization step that normalizes the coordinates of each

point relative to its local neighborhood instead of the global coordinate system. This
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leads to larger coordinate values that are more suitable for network training. Lastly, it
incorporates a data augmentation strategy that takes advantage of recent advances in 3D
data augmentation, such as random rotations, scaling, cropping, random point dropping,
color dropping and jittering, among others. This leads to a performance boost of up
to 5% on standard benchmarks such as ScanObjectNN [102]. This work demonstrated
that with the right design principles, MLPs can match or even outperform more complex
convolutional and transformer-based models.

Other approaches, such as PointMLP [69], further challenge the necessity of explicit
local geometric modeling by introducing a geometric affine module, which combines
point features from a local neighborhood using learnable affine transformations, rather
than, for instance, convolutional operations. This allows the network to adaptively weight

and blend features from neighboring points.

2.1.4.2 Convolutional Methods

Convolutional methods for point clouds define local neighborhoods and learnable kernels
directly in 3D space, avoiding the need for voxelization or 2D projections. PointCNN [58]
introduced an y-transformation that learns a canonical order of local neighborhoods,
enabling permutation-aware convolutional operations on unordered point sets. While
effective, this approach is sensitive to density variations and local geometric irregularities.

KPConv [96] marked a turning point by introducing Kernel Point Convolutions, where
filters are defined as sets of kernel points positioned in Euclidean space, each with an
associated weight. Feature aggregation is performed via distance-weighted interpolation,
allowing the kernel to operate directly in continuous space. This design preserves spatial
structure, supports arbitrary point distributions, and provides translation-equivariant
filters without relying on grids. Building on this, several works have improved kernel
flexibility and robustness. Spherical convolution methods [56] proposed discretizing
neighborhoods in angular bins to achieve a traditional convolution kernel in spherical
coordinates, while Monte Carlo convolutions [43] introduced probabilistic integration over
non-uniform neighborhoods in order to better handle sample variability. PointConv [109]
further advanced point cloud convolutions by approximating the convolutional kernel
with an efficient shared MLP, analogous to a 1 X 1 convolution, which reduces both
computational and memory overhead. Additionally, PointConv introduced an inverse
density scaling mechanism that weights the MLP outputs according to local point density,
effectively mitigating the effects of anisotropic sampling and improving robustness to
non-uniform point distributions.

Opverall, these methods and techniques demonstrate that convolutional operations can
be adapted to the irregular structure of point clouds, enabling local feature extraction
with spatial kernels. This highlights the value of incorporating inductive baises, namely
translation equivariance and locality, into the design of point-based networks. A principle
we extend through the use of interpretable, modular and simple geometric inductive
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biases in our work.

2.1.4.3 Attention-based Methods

The attention mechanism was introduced in the Transformer architecture [104] as a means
to model pairwise interactions between elements in a sequence. Given a set of input
tokens, each is mapped to a query vector q, key vector k, and value vector v via learned
linear projections. The core operation, known as scaled dot-product attention, is defined

as:

Attention(Q, K, V) = softmax (Q\/KET ) A" (2.1)

where Q, K, V € RN*4 are matrices of queries, keys, and values for all N input tokens,
and d is the dimensionality of the embeddings. Intuitively, each point asks a query (q) about
the scene, compares it against the keys (k) of all other points to measure relevance, and
then aggregates the associated values (v) of those relevant points. Each output is computed
as a weighted sum of values, where the weights are determined by the similarity between
queries and keys. This formulation enables each element to attend to every other, allowing
global context modeling with minimal architectural assumptions.

In the context of point clouds, each point is treated as a token, and self-attention can
be applied to model point-wise dependencies. However, two key challenges arise: first,
computational cost grows quadratically with the number of points, which limits scalability
to large scenes; second, the positional encoding in 3D is not straightforward since the
standard NLP or vision strategies (e.g., sinusoidal embeddings) cannot be directly applied
to unordered point sets.

Several works have been proposed to adapt attention mechanisms to the specific
challenges of 3D point cloud processing. Point Transformer [121] was one of the first to
successfully integrate self-attention into point-based architectures by constraining atten-
tion computation to local neighborhoods and incorporating relative positional encodings
as follows:

yi= ). p(y (et - px) +06)) @ (akx) +95). 22)
x;€X (i)

Here, y; is the output feature vector for point i, and X (i) C X represents the set of
points in a local neighborhood (specifically, k nearest neighbors) of point x;. The functions
@, ¥, and a are pointwise feature transformations implemented as linear projections
or MLPs that map input features to query, key, and value representations, respectively.
The subtraction operation ¢(x;) — {(x;) serves as a relation function that captures the
teature difference between points, enabling the model to reason about relative feature
relationships. The position encoding is defined as 6 = 0(p; — p;), where 0 is typically
encoded as a MLP and p; and p; are the spatial coordinates of points i and j, respectively.
This formulation incorporates spatial information and is added to both the attention
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computation and the transformed features. The mapping function y is implemented as an
MLP with two linear layers and one ReLU nonlinearity that produces attention vectors for
feature aggregation. Finally, p is a normalization function (typically softmax) that ensures
the attention weights sum to one, and © denotes element-wise multiplication that allows
the attention vectors to modulate individual feature channels.

Such a design allows Point Transformer to effectively capture local geometric relation-
ships and achieved state-of-the-art performance on several 3D benchmarks. In turn, its
sucessor Point Transformer v2 [110] improves upon this architecture by adopting grouped
vector attention and partition-based pooling, leading to enhanced scalability and improved
training stability. The grouped design reduces memory usage while preserving context
awareness, making the model more suitable for large-scale scenes. In a complementary
direction, OctFormer [106] proposes a scalable design by organizing point clouds into
octree-based hierarchies, thereby enabling multi-resolution attention across spatial parti-
tions. Rather than attending over all points or fixed neighborhoods, OctFormer applies
local self-attention at each octree level, which significantly reduces computational cost.

More recently, Point Transformer v3 [111] introduced several key methodological
innovations that significantly advance the state of point-based attention mechanisms. The
most notable contribution is the introduction of serialized attention, which leverages
space-filling curves (specifically, Z-order curves) to impose a spatial ordering on inherently
unordered point clouds. This serialization enables the application of efficient 1D attention
mechanisms while preserving spatial locality, as nearby points in 3D space remain close
in the serialized sequence. This approach dramatically reduces inference latency and
memory consumption by 3.3 and 10.2 times when compared to Point Transformer v2
respectively, making attention feasible for large-scale scenes without sacrificing geometric
awareness. From an architectural perspective, Point Transformer v3 simplifies the network
design by removing complex grouped attention mechanisms in favor of streamlined
attention blocks that operate on serialized point sequences. The training methodology also
received significant improvements through enhanced data augmentation strategies. Point
Transformer v3 employs multi-scale training with geometric augmentations, including
random scaling, rotation, and elastic deformation that better simulate real-world sensor
noise and environmental variations. Additionally, the model introduces mix-up strategies
specifically adapted for point clouds, where multiple scenes are blended at the point
level to improve generalization and robustness. The combination of serialized attention,
simplified architecture, and advanced training strategies allowed Point Transformer v3 to
achieve state-of-the-art results on major 3D benchmarks while maintaining computational

efficiency.

2.1.5 Hybrid-based Methods

Hybrid methods seek to unify the advantages of multiple representations by fusing voxel-
based, point-based, and sometimes image-based inputs into a single framework. These
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models aim to overcome the limitations of individual paradigms by leveraging structured
representations for efficient computation while retaining the geometric precision of raw
points [17, 63, 64, 115]. The core motivation behind hybrid approaches stems from the
complementary nature of different 3D representations. While point clouds preserve
geometric detail and avoid quantization artifacts, they lack the structured neighborhood
relationships that facilitate efficient convolutions. Conversely, voxel grids enable regular
convolutions but suffer from memory inefficiency and resolution limitations. Image
projections leverage powerful 2D networks but lose crucial depth information.

Several works have explored the integration of point and voxel representations. Point-
Voxel CNN (PVCNN) [64] introduced a dual-branch architecture that processes point
clouds through both voxel-based 3D convolutions and point-based operations in parallel.
The voxel branch captures structured spatial context through regular convolutions, while
the point branch preserves fine-grained geometric details. Features from both branches are
fused through MLP layers. Building on this, 2DPASS [115] extends the fusion paradigm
to outdoor large-scale scenarios by incorporating multi-modal sensor data. The method
combines LiDAR point clouds with corresponding 2D camera images, leveraging both geo-
metric and photometric information for enhanced scene understanding. Then, UniSeg [63]
takes a different approach by unifying multiple representation learning paradigms within
a single framework. The method employs a multi-branch encoder that simultaneously
processes the same input through voxel-based, point-based, and image-based pathways.
A sophisticated fusion module then combines features from all branches to produce a
unified representation.

However, while hybrid methods offer the theoretical promise of combining the best
aspects of multiple 3D representations, they face significant practical challenges in terms
of architectural complexity, computational requirements, and feature alignment. The
trade-off between improved representational capacity and increased system complexity
means that hybrid approaches are most beneficial for applications where the performance
gains justify the additional computational overhead and engineering effort.

2.1.6 Benchmarking Datasets

Benchmark datasets play a crucial role in the development and evaluation of 3D deep
learning methods. They offer standardized scenes and ground truth annotations for tasks
such as object classification, semantic segmentation, part segmentation, and 3D object
detection.

For indoor-scene mapping, datasets such as ScanNet [23] and S3DIS [3] are dominant.
ScanNet provides over 1,500 RGB-D scans of indoor environments with dense annotations
for 20 object classes, captured using a handheld RGB-D sensor, as shown in Figure 2.3c.
S3DIS, on the other hand, contains 3D scans of six large-scale indoor areas, with detailed
point-wise labels, making it particularly useful for evaluating segmentation performance

under clutter and occlusion.
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(b) ShapeNet-Part [14]

(C-) ScanNet [23]-

Figure 2.3: Representative examples from major 3D point cloud benchmarks. Top Left:
SemanticKITTI features large-scale outdoor LiDAR scans with point-wise annotations,
challenging models with sparsity and motion artifacts. Top Right: ShapeNet-Part contains
synthetic 3D objects with fine-grained part segmentation labels, supporting part-level
geometric reasoning. Bottom: ScanNet offers dense RGB-D indoor scenes with object-level
annotations, making it a benchmark for cluttered semantic segmentation. Together, these
datasets span diverse environments, sensor modalities, and labeling granularities.

For outdoor large-scale segmentation, the benchmark of choice is SemanticKITTI [6],
which offers point-wise labels over full LIDAR sequences from the KITTI Odometry dataset.
Captured with a Velodyne HDL-64E sensor, it introduces challenges such as motion blur,
sparsity, and occlusions, pushing models to handle dynamic and noisy data, as illustrated
in Figure 2.3a. Datasets like nuScenes [12] and Waymo Dataset [92] further extend these
ideas by integrating multimodal sensors (e.g., radar, camera) and offering annotations for

3D detection and tracking across diverse driving scenarios.

In object part segmentation, datasets such as ShapeNet [14] and PartNet [74] have
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become the standard for part segmentation over individual objects. ShapeNet provides
over 16,000 3D models from 16 categories with point-wise part labels (e.g., airplane:
wings, tail, engines), and is widely used in benchmarking point-based networks, with
typical examples shown in Figure 2.3b. PartNet builds on this by introducing hierarchical,
instance-level part decompositions across thousands of models, enabling the evaluation

of both coarse and fine-grained segmentation.

2.2 Inductive Biases in 3D Deep Learning

This section details the role of inductive biases in deep learning, with an emphasis on their
impact in computer vision tasks. We begin by defining inductive biases in the context
of machine learning. We then review canonical operators like convolution in 2D and
3D. Finally, we survey group equivariant methods and assess the current landscape of

successes and limitations in this space.

2.21 Understanding Inductive Biases

Inductive biases are the assumptions underlying a model’s design that guide its ability
to generalize beyond the training data. While machine learning aims to learn represen-
tations from data with minimal manual engineering, the learning process is necessarily
constrained by a prior (i.e., an inductive bias) that determines which solutions the model
is predisposed to favor even before training begins. This necessity stems from the no-free-
lunch theorem [5, 35], which states that no learner can perform optimally across all possible
data distributions withoutincorporating prior knowledge. Goyal and Bengio [35] formalize
inductive bias as a form of preference or constraint on the learned function space, explicitly
distinguishing between architectural, input-dependent, and optimization-induced biases.
These biases manifest at different stages of the model pipeline, from architectural choices
like convolutional layers, to data preprocessing strategies, and even to the dynamics of
gradient-based optimization itself. Such biases are not optional artifacts of design, but
essential mechanisms to guide learning in high-dimensional, under-constrained spaces.
In computer vision, convolutional neural networks (CNNs) show this principle. Their
success is attributed not to raw expressiveness but to their inductive structure. CNNs
embed translation equivariance and local connectivity into their architecture, reflecting
strong prior knowledge about natural images: nearby pixels are more correlated than
distant ones, and objects do not change semantics under translation. These biases yield
models that are more data-efficient, robust to shifts, and capable of learning meaningful
representations even in the presence of noise or limited supervision. In 3D vision, the
problem is amplified. Point clouds lack the regular grid structure of images and exhibit
high variability in density, orientation, and sampling. As a result, the strong architectural
priors used in 2D (e.g., convolutions on a grid) are no longer directly applicable. This

motivates the introduction of geometric inductive biases, which exploit spatial, topological,
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and symmetry properties of 3D data to guide representation learning. Such biases not
only improve generalization but also promote interpretability and robustness, especially

in domains where data is scarce, or structurally complex.

2.2.2 The Convolution Operator

The convolution operator has been a foundational tool in deep learning, particularly in

computer vision, due to its locality, parameter sharing, and equivariance properties.

2.2.2.1 Theoretical Formulation

At its core, convolution is a mathematical operator that combines two functions by in-
tegrating the product of one function with a reversed version of the other over space.
In practical implementations, such as convolutional neural networks, this operation is
typically implemented as cross-correlation, which measures the similarity between a sig-
nal (e.g., an image) and a filter. The continuous convolution operator between an input

function f(x) and a kernel g(x) is defined as:

()= [ ) gt =0 @3

In the context of deep learning, this operation is discretized and implemented as a
series of matrix multiplications. In image processing (typically n = 2), f represents the
image and g is the convolutional kernel. The kernel is shifted across the domain of the
input, producing a response at each location. In discrete 2D convolution, the continuous
convolution in (2.3) is approximated by a correlation operator, for an image I € RXWxC

and a kernel K € RF*XC the operation becomes:
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This sums over a local neighborhood centered at pixel [i, j], producing an output that
emphasizes certain features, such as edges or textures, depending on the kernel’s learned
weights.

2.2.2.2 Extension to 3D Point Clouds

The lack of structure and irregular density in point clouds sharply contrasts with the
regular grid structure of images. To address this, projection-based and voxel-based
methods force point clouds into a structured grid, allowing 2D and 3D CNNs methods to

be employed. The convolution operator extends naturally to 3D tensors:

k-1 k-1 k-1

k
(I=K)i,j, k ZZZI[i+m,]’+n,k+p]-K[m,n,p]. (2.5)
m P

n
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This 3D convolution operates over a cubic neighborhood and is used in models that
take voxelized inputs. Due to the cubic growth of the input space, 3D convolutions are

computationally expensive and memory-intensive, especially for high-resolution data.
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Figure 2.4: Different approaches to defining convolution kernels for point cloud process-
ing [56, 113]. Far Left: Voxel-based methods (e.g., 3D CNNs) apply regular grid kernels
to voxelized point clouds, enabling standard convolutions but introducing quantization
errors and high memory cost. Center Left: Graph-based convolutions treat points as
nodes with learned edge weights over local neighborhoods, enabling flexibility in topol-
ogy. Center Right: Spherical kernels (e.g., SPH3D) discretize local neighborhoods into
angular bins in spherical coordinates, enabling rotation-aware filtering with efficient spa-
tial partitioning. Far Right: Continuous convolution methods (e.g., SpiderCNN) learn
spatially-varying filters using learned weights (e.g., MLPs) over relative coordinates, of-
fering adaptability but limited interpretability.

To effectively apply convolutions to point clouds, the convolution operator must be
adapted to handle their irregular sampling and lack of grid structure. To this end, point-
based methods have introduced several strategies that reinterpret point clouds as geometric
graphs, where each point is a node and edges are defined via local neighborhoods [43, 88].
This graph-based formulation allows the definition of convolutional operations over local
regions, preserving spatial relationships without imposing a voxel grid.

These methods can be broadly categorized based on how the convolution kernel is
defined: discrete versus continuous kernels:

Discrete-kernel methods [55, 56, 96, 105, 123] define the convolution operator over local
neighborhoods by discretizing the space around each point into bins (e.g., spherical or
cylindrical coordinates) [56] or by placing a set of kernel points in Euclidean space that
act as learnable weights. For instance, KPConv [96] defines a kernel as a set of K points in
3D space, and computes a weighted sum over features of neighboring points, where the
weights depend on the distance between the neighbors and the kernel points. The key
advantage of this approach is the adoption of a classical convolution-based framework
with useful properties such as locality and translation equivariance. However, the fixed
kernel layout can limit flexibility in highly irregular regions.

Continuous-kernel methods [37, 58, 108, 109, 113], on the other hand, model the convolu-
tion kernel as a continuous function over space. Instead of using predefined bins, these

methods learn a function h(x; — x;) that maps the relative position between a center point
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x; and a neighbor x; to a weight. This function is typically implemented as a multi-layer
perceptron (MLP), enabling the kernel to adapt to arbitrary geometric configurations.
However, continuous-kernel approaches approximate the convolution weights using a
learned MLP over relative offsets, rather than directly modeling the convolutional kernel
as a continuous function. Additionally, MLPs fail to account for the geometric prior
of 3D point clouds without it being explicitly large in terms of parameters, which can
lead to overfitting. SpiderCNN [113] is the first work in continuous-kernel methods to
recognize this limitation. The authors depart from this by explicitly parameterizing the
convolutional kernel as a product of a step function and a Taylor expansion.

In contrast, our work begins with a 3D voxel-based formulation and arrives at an
operator rooted in the formal convolution definition, where kernels are explicitly modeled

as continuous functions of distance.

2.2.3 Group Equivariant Methodologies

3D scene understanding often entails reasoning about objects that appear in arbitrary
orientations and positions. This poses a challenge for traditional models because they are
typically sensitive to such transformations unless explicitly trained to account for them. A
possible approach to overcome this limitation is the incorporation of group equivariance
into neural networks.

Equivariance is a property of a function or an operator that preserves the structure
of the input space under a specific group of transformations. Formally, an operator
f : X — Y is said to be equivariant with respect to a group of transformations G if for

every transformation g € G, the following holds:

flg-x)=p(g) f(x), VxeX, (2.6)

where g - x denotes the action of ¢ on the input x, and p(g) is a (possibly different)
representation of ¢ acting on the output space V. For example, consider standard 2D
convolutions in image processing, these are translation-equivariant, meaning that if the

input image is shifted in space, the resulting feature maps the shift in the same way:
Conv(Tpaxx) = Tax(Conv(x)), (2.7)

where Tj, denotes a translation by Ax.

In 3D scene understanding, transformations of interest include translations, rotations
and reflections, typically represented by the Euclidean group E(n) or the special Euclidean
group SE(n). Designing models that are equivariant to such groups allows them to reason
about objects and structures in a way that mirrors the physical symmetries of the world.
This means, for instance, that rotating a 3D object in space will result in a corresponding,
interpretable rotation of the model’s internal features, rather than forcing the network to

learn the rotation through brute-force data augmentation.
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Figure 2.5: Visual comparison of group equivariant methodologies for 3D deep learning.
Top Left: G-convolutions extend classical convolutions to symmetry groups such as p4 or
p4m, enabling equivariance to translations and discrete rotations. Top Right: EGNN intro-
duces a lightweight, continuous formulation that preserves SE(3)-equivariance through
coordinate-based message passing. Bottom: SE(3)-Transformers generalize attention mech-
anisms to be equivariant under 3D rigid-body motions by leveraging group representations
and directional geometry between points. The process is illustrated here in detail.

G-convolutions [19] generalize the conventional translation-equivariant convolution
to arbitrary groups (see Fig. 2.5, top left). However, in practice, they are often restricted
to discrete planar symmetry groups such as p4 and p4m, which include translations, 90-
degree rotations, and reflections. This work was later expanded by LieConv [29], which
generalizes G-convolutions to arbitrary Lie groups, allowing for equivariance to more
complex transformations. In turn, Tensor Field Networks (TFN) [97] represent point cloud
features as geometric tensors: objects that transform under group actions according to
specific rules. TFNs use spherical harmonics to construct rotation-equivariant convolution

operators that maintain the properties of the input throughout the network. This approach
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enables fine-grained modeling of physical phenomena, particularly in molecular and
physical systems. SE(3)-Transformers [33] extend self-attention to be equivariant under 3D
rigid-body transformations (see Fig. 2.5, bottom). They incorporate geometric information
through relative positional encodings based on distances and directions between point
pairs, using irreducible representations of SE(3) to preserve equivariance across layers.
This framework has proven effective in tasks requiring spatial reasoning, such as molecular
property prediction and protein structure modeling. Equivariant Graph Neural Networks
(EGNN) [84] adopt a lighter approach by designing message passing layers that preserve
equivariance without relying on spherical harmonics or high-order tensors (see Fig. 2.5,
top right). They use simple geometric operations such as relative distances to propagate

information while maintaining SE(3)-equivariance.

2.2.4 Effectiveness and Limitations

Inductive biases, when carefully chosen and implemented, can lead to substantial gains
in performance, generalization, and interpretability. However, limitations remain. First,
designing equivariant architectures often involves a trade-off between expressiveness and
computational cost [28]. Second, while group equivariant methods generalize well to
known transformations, they may struggle when the data distribution violates assumed
symmetries [11]. Third, explicit priors can constrain learning if they misalign with the
task, and tuning such priors requires domain expertise [35]. Moreover, the injected biases
do not always behave as intended. They are often designed based on preconceived notions
of the data’s structure, which may not align with the data or how models utilize them [11,
34, 35]. In some cases, these assumptions can suppress useful signal or reinforce spurious
patterns [34]. Finally, despite growing interest, the field lacks standardized benchmarks
to evaluate the contribution of inductive biases across diverse 3D tasks. This makes it
difficult to compare approaches and understand which biases are most beneficial under
which conditions.

2.3 The GENEOs Framework

2.3.1 Motivation

Group Equivariant Non-Expansive Operators (GENEOs) are a general and rigorous math-
ematical framework designed to represent function operators that preserve symmetries
under group actions [8]. Developed with a foundation in topological data analysis,
GENEO:s offer a broad abstraction that encompasses many well-known neural network
components, including convolutional kernels, group-equivariant convolutions [19], and
SE(3)-equivariant transformers [33]. Essentially, GENEOs unify these approaches by view-
ing them as special cases of function operators that act equivariantly on data represented

as real-valued functions over a domain.
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In this work, we explore GENEO:s as a principled mechanism for instantiating geometric
inductive biases (GIBs) in the context of 3D scene understanding. This serves two purposes:
first, it provides a theoretically grounded way to embed spatial symmetry assumptions (e.g.,
translation, rotation) into our architectures; second, it lays the foundation for developing
interpretable and robust operators that can be analyzed and composed modularly. We
argue that GENEOs provide not only a formal theory for many of the inductive priors we
seek in geometric deep learning, but also a practical blueprint for incorporating new ones
whenever a problem domain presents a clear symmetry or structural constraint.

Furthermore, by designing our geometric priors as GENEOs, we benefit from impor-
tant properties of the space of GENEOs that are desirable in a learning context. Specifically,
these operators are non-expansive by definition, and under mild assumptions on the func-
tion spaces involved, the set of GENEOs forms a compact and convex subset [8, 13]. This
leads to practical guarantees in terms of robustness, approximation, and optimization:
GENEOs can be sampled, interpolated, and even learned over smooth Riemannian man-
ifolds [13]. As we show later, these properties allow us to construct operators that are
expressive, meaningful, and inherently aligned with the geometry of the data.

2.3.2 Topological Foundations of Data Representation

The GENEO framework begins with a simple but powerful shift in perspective: it proposes
that data should be interpreted not as isolated samples, but as the result of measuring
physical or abstract phenomena over structured domains. This viewpoint is inspired by
topological data analysis (TDA), where datasets are modeled as topological spaces en-
dowed with a set of continuous, real-valued functions that encode meaningful information
about their structure.

Topological spaces are general mathematical objects that allow us to reason about
nearness, continuity, and deformation. A key concept in this setting is homeomorphism: a
continuous bijection with a continuous inverse. Homeomorphisms preserve all topological
properties of a space, such as connectivity, compactness, and the number of holes or
components. Two objects are considered topologically equivalent (homeomorphic) if one
can be deformed into the other via a homeomorphism. For example, a donut and a coffee
mug are homeomorphic; each has a single hole, and one can be smoothly morphed into
the other without tearing or gluing.

The goal of employing topology in the GENEO framework is to construct a space
of real-valued functions that can meaningfully represent measurements over a domain.
This enables the design of operators that act not on individual data points, but on entire
functions, transforming them in ways that preserve symmetries and structural properties.
To this end, GENEOs rely on function spaces endowed with a topology that captures
how these measurements vary across the domain. In practice, this allows us to encode
data as bounded real-valued functions over a domain X, such as an image grid. Each

function corresponds to a measurement (a way of observing the world) and the set of all
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such functions defines an agent’s observation space.

This approach offers several advantages. First, it naturally supports the modeling of
invariances and symmetries through the use of group actions on X. Second, it enables the
definition of function-space distances and topologies that reflect the similarity between
observations. And third, itlays the foundation for defining structured operators (GENEOs,
that is) that transform measurements while preserving key properties like equivariance

and non-expansivity.

2.3.3 From Raw Data to Functional Representations

At the heart of the GENEO framework lies a fundamental shift in perspective: instead of
modeling raw data directly, we model the space of admissible measurements over the data
domain. That is, input samples are represented as functions defined on an input space X,
mapping each data point to a real value that encodes a meaningful property (e.g., intensity,
curvature, probability), which we denote as the space of admissible measurements .
Formally, let X be the domain of observation (e.g., a 2D grid, 3D manifold, or point
cloud), and let ® C (R¥, do,) be the set of admissible measurements, where the topological
space (RX, d.,) denotes the space of bounded real-valued functions on X induced by the

infinity norm:
doo(p1, 92) = 91 =~ P2l = sup |p1(x) =20, @1, 92 € D. (2.8)
X€

Thus, each function ¢ € @ can be interpreted as a function measuring a property of the
data at each point in X. For example, an image may be viewed as a function assigning
RGB values to pixel locations, or a LiIDAR scan as a function assigning intensity values to
3D coordinates.

To reason about similarity between points in X, we induce a pseudo-metric Dx via

the measurements in @:

Dx(x1,x2) == sup|p(x1) —@(x2)l,  x1,x2€X. (2.9)
ped

This quantity measures how distinguishable two points are according to the measure-
ments in ®. If x1 and x, always yield the same values for all admissible functions, then
Dx(x1,x2) = 0, and the points are indistinguishable from the observer’s perspective. The
space X is then endowed with the topology induced by Dx, which encodes the observer’s
perception of geometry through the lens of ®@. This construction allows us to shift focus
from the ambient space X to the measurement space @, which formalizes the idea that

the agent perceives the world through a restricted set of sensors or views.

2.3.4 Transforming Data

Once the data representation space @ is defined, the GENEO framework introduces

prior knowledge through the notion of symmetry, formalized by the action of a group of
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transformations on the domain X. These transformations should preserve the structure
of @, ensuring that the set of admissible measurements remains invariant under such

operations. To capture this, we define the set of ®-preserving homeomorphisms on X:
Homeoo(X) := {g € Homeo(X) | pogePandpogled, Vp e d}. (2.10)

This set consists of all bijective, continuous maps g : X — X with continuous inverse,
such that pre-composing or post-composing any admissible measurement ¢ € ® with g
yields another function in @.

Let G € Homeog(X) denote the subgroup of transformations under which we wish
to enforce equivariance. In practice, G captures the geometric invariances we expect from
the problem domain, for example, translations or different orientations.

We can then define a pseudo-metric on G that quantifies the discrepancy between

transformations in terms of their effect on the space of measurements ®. This is given by:

Dc(g1,82) :=sup|l@ o g1 — ¢ © g2l - (2.11)
Pped
It induces a topology on G which is compatible with the action of G on ®, and under mild

conditions (e.g., compactness and completeness), the space (G, D¢) forms a topological
group [8].

Natural Pseudo-Distance. The notion of similarity between two data functions is en-
coded by the natural pseudo-distance. This metric, originating from TDA [32], serves as the

"ground truth" distance between functions in @ under the equivalence induced by G:

Definition 1 (Natural Pseudo-Distance). Let G € Homeoa(X) be a group acting on @ via
precomposition. The natural pseudo-distance dg : © X ® — R is defined by:

dg(@1, 2) = inf || @1 — @2 © g co- (212)
g€G

Intuitively, dg(@1, ¢2) measures how close two measurements ¢1, p, € @ are after
optimally aligning them via a transformation in G. If ¢ and ¢, encode the same
information up to symmetry, that is, they are G-equivalent, then dc(¢1, ¢2) = 0. In other
words, if @1 and ¢, are supposed to be equivalent when acted on by transformations in

G, meaning that such measures are equivariant with respect to G, then dg(¢1, ¢2) = 0.

Invariance Properties. The metric dg enjoys an important invariance property: it is

stable under the action of G on either argument. This is formalized below:

Definition 2 (Strong G-Invariance). A pseudo-metric d : ® X @ — R is said to be strongly
G-invariant if for all ¢1, 2 € @ and all g1, g» € G, we have:

d(p1,p2) =d(p10g1,92) =d(@1, P20 g2) =d(p10 g1, P20 Q2). (2.13)
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Proposition 1. The natural pseudo-distance dg is strongly G-invariant. (Proof in Appendix C

of [8])

This property ensures that dg measures remain unaltered by the action of G on the
functions in ®@. In other words, the distance between two measurements is invariant to

the transformations G applied to them.

Interpretation and Challenges. The natural pseudo-distance offers a way to compare
data in the presence of known symmetries, and is widely considered a theoretical ideal
for symmetry-aware learning. However, computing dg exactly is often infeasible in
practice, especially when G is infinite, continuous, or large [8]. This motivates the need
for approximations, such as through the use of GENEOs and persistent homology, which

serve as tractable surrogates.

2.3.5 Group Equivariant Non-Expansive Operators (GENEOs)

Having introduced the data representation and the role of symmetry-preserving trans-
formations, we are now prepared to formally define Group Equivariant Non-Expansive
Operators (GENEOs). These operators constitute the fundamental building blocks of the
GENEO framework, acting as structure-preserving maps between spaces of admissible
measurements.

Let us define a perception pair as the tuple (®,G), where @ is a set of admissible
real-valued functions ¢ : X — R defined on a compact topological space X, and G C
Homeog(X) is a group of homeomorphisms acting on X that preserve the structure of ®
under composition. In what follows, we consider two perception pairs (P, G) and (¥, H),
with G and H acting on ® and W, respectively. To relate these symmetry groups, we

require a group homomorphism T : G — H, which satisfies:

T(g1082)=T(g1)oT(82), V81,8 €G. (2.14)

This mapping translates symmetry transformations from the input space to the output

space in a way that preserves their compositional structure.

Definition 3 (Group Equivariant Non-Expansive Operator). Let (©,G) and (\V,H) be
perception pairs, and let T : G — H be a group homomorphism. A map F : ® — W is said to
be a Group Equivariant Non-Expansive Operator (GENEO) if the following two conditions are
satisfied:

1. Equivariance: Forall ¢ € ®andall g € G,
F(pog)=F(p)oT(g). (2.15)
2. Non-expansivity: For all ¢1, 2 € O,
dy(F(@1), F(92)) < do(p1, 92), (2.16)
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where do and dy denote the sup-norm pseudo-distances induced on ® and WV, respectively.

The equivariance condition guarantees that the action of a transformation ¢ € G on
the input is preserved after applying F, up to the mapped transformation in the output
space. The non-expansivity condition ensures that the operator does not increase the
distance between functions, that is, inputs that are close in ® remain close in \V.

Interpretation. GENEOs can be seen as structured observers that map input measure-
ments into higher-level representations while preserving the symmetries encoded in the
data. In the context of machine learning, such operators enable the design of modules
that are inherently symmetry-aware, interpretable, and robust by design.

Approximation of d; via GENEOs. An important theoretical result in the GENEO

framework is the approximation of the natural pseudo-distance dg using GENEOs.

Proposition 2 (Bergomi et al. [8]). Let F : ® — W be a GENEO associated with a group
homomorphism T : G — H. Then F is a contraction with respect to the natural pseudo-distances
dg and dy, that is,

du(F(p1), F(92)) < dg(@1, ¢2), Y1, @2 € ©. (2.17)

In this sense, GENEOs offer a tractable means of approximating the symmetry-aware
geometry of the function space, even when the natural pseudo-distance dg is computa-
tionally intractable.

2.3.6 The Space of GENEOs

The set of all GENEOs between two perception pairs (®, G) and (W, H), denoted ‘Fq)(i’f ,
inherits a topological structure that plays a fundamental role in the applicability of
GENEQO :s in learning contexts. In particular, under mild assumptions on the underlying
function spaces, this set is compact, convex, and closed under convex combinations. These

. .. . . . e G,H
properties enable efficient sampling, interpolation, and even optimization over %', .

Topology of the space. Let TQG(;{ be endowed with the topology induced by the sup-norm
distance Dy: /
Dg(F1, F2) = sup Dy(Fi(g), Falg)),  Fi,F2€ Ty (2.18)
Ppe
This metric captures how differently two GENEOs act on all admissible measurements
@ € ®. When ® and W are both compact subsets of (RX, d.) and (RY, d) respectively,
it follows that the space qu\’f is also compact in the topology induced by D# [8, 27].
Compactness ensures that any sequence of GENEOs has a convergent subsequence in
TQ)G(I,H. Indeed, for any ¢ > 0, there exists a finite set of GENEOs {Fy, ..., F,} C 7“5’5 such
tha{t: /
Dy(Fi, Fj) < e, Vijje{l,..., n}. (2.19)
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Convexity of the GENEO space. Another key property is that Tq)c\’f is convex whenever
the output space W is convex. Let Fy,...,F, € T(DG(I? be a finite collection of GENEOs, and
let (A1,...,A,) € R" be coefficients satisfying:

n
Z/\izl, Ai>0 Vi=1,...,n. (2.20)
i=1

Then, the convex combination operator F : ® — W defined as:
n
F()(x) := Z ViFi(@)(x), Ype®d, xe X, (2.21)
i=1

isitself a GENEO, i.e., F € Tq)c(f . This is in consequence of the fact that both equivariance
and non-expansivity are preserved under convex interpolation (Given W is closed under
such operations).

Implications for Learning. The compactness and convexity of the GENEO space make it
particularly well-suited for machine learning applications. From a theoretical perspective,
compactness guarantees that the space is totally bounded and that any function in it can
be approximated arbitrarily well by a finite collection of operators. This allows for discrete
approximations of continuous operator families.

From an optimization standpoint, convexity enables gradient-based or manifold-based
methods to explore the GENEO space efficiently. Recent work [13] further shows that
?’5{5 can be endowed with a Riemannian structure, enabling the use of geodesic descent
algorithms over smooth manifolds of equivariant, non-expansive operators. Thus, the
GENEO framework provides a rich and flexible space for designing and learning structured

operators that respect the symmetries of the data.

2.3.7 Convolutional Operators as GENEOs
Once a space of GENEOs T(DC,;(I,H = GENEO((®, G), (¥, H), T) is established, one may

construct parametric families of such operators by introducing a parameter space © C R?.
Each element 0 € © defines a specific operator Fg € Tq,G(II,{ , and the resulting family:

Fo ={Fo: 0 € O} C Ty (2.22)

inherits the equivariance and non-expansivity properties of the GENEO framework by
construction. This formulation opens the door to designing neural architectures as
modular compositions of GENEOs, where each layer or component is structured according
to known transformation symmetries. An especially instructive case is the interpretation

of standard convolutional layers in CNNs as instances of GENEOs.

Example: Convolution as a GENEO. Let the observation space be X = R?, and consider
the space of admissible measurements ® C R¥, consisting of bounded grayscale images.
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Let G = R? denote the group of planar translations acting on X via Ts(x) = x + 6 for
6 € R%. The group acts on @ by precomposition: for ¢ € ® and Ty € G, we define
(p o T5)(x) == @(x +0).

Now, we fix a continuous, bounded kernel function k : R? — R satisfying fR2 |k(y)| dy <
o0. The corresponding convolutional operator Fg : ® — @ is defined as:

Fol)(x) i= zig /R o) kolx — y)dy, (2.23)

where Zg is a constant ensuring normalization.
We now verify the two GENEO properties.

Equivariance. Let @ € ® and T € G. Then:

Fo(p o T5)(x) = / Py +0)- %;y) dy (2.24)
= / o(2)- ke(x_z—(:_é)) dz (change of variables z = y +5)  (2.25)
By QPRNICEY L PR e
= [Fo(p) o Ts] (x), (2.27)

proving that Fg(¢ o Ts) = Fo(¢@) o Ty, i.e., Fg is equivariant under translations.

Non-expansivity. Let ¢1, ¢2 € ®, and consider the pointwise difference at any x € X:

ko(x —
|Fo(@1)(x) — Fo(p2)(x)| = ‘ / (P1(y) — 2(y)) - Q(z—gy) dy (2.28)
k —
< / lp1(y) = @a(y)] - w dy (2.29)
k —
<1 - 2l - / w dy (2.30)
= lp1 = @2llo, (2.31)

since the normalized kernel integrates to one. Thus, we obtain:

|Fo(@1) = Fo(@2)lleo < |91 — @2l 0,

which confirms that Fg is a non-expansive operator.

Hence, Fg € GENEO((®, G), (P, G),Id¢) is a translation-equivariant, non-expansive
operator. This provides a formal justification for the robustness of convolutional neural
networks under shifts, a foundational inductive bias in computer vision. More generally,
the GENEO framework generalizes this example and extends it to other transformation
groups (e.g., rotations, scalings) that are not available in standard CNNs, allowing for the

design of equivariant operators that respect the particular symmetries of a given dataset.
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2.3.8 Networks of GENEOs

The GENEO framework naturally supports the construction of deep architectures by
composing operators that act on function spaces. In this context, a network can be seen as
a chain of GENEO layers, each composed of multiple parametric operators, which may
attend to different transformation groups and encode complementary geometric biases.

Let ® and W be function spaces defined over a shared topological domain, and consider
a collection of M parametric GENEO families:

GO HD Y M . GO HD () (i) G g
{Tem 2y, with 776(1.) ={Fy : 0OV} CF,""

where each family defines a set of GENEOs with respect to its own group action G ~ @
and corresponding homomorphism T : G — H. Despite potentially attending to
different symmetry groups, these operators act on the same input space ®, enabling them
to encode diverse geometric priors while observing the same data.

Each GENEO layer then applies a fixed number of operator instances, such as one from
each parametric family. These are combined via a convex combination to form what we
call a complex observer:

M M
H = Z)\ing), where Z/\i =1, A;=>0.

i=1 i=1
Here, each weight A; quantifies the importance of the corresponding GENEO instance F (9?
in constructing the overall observer. This design has both functional and interpretative
advantages: it allows for us to build operators that can adaptively respect different
transformation groups, while also providing a clear interpretation of the role of each

operator in the context of the overall observation.
Once defined, such complex observers can be composed sequentially across layers.
Let ® @@ . @D be admissible spaces across L layers, then each GENEO layer maps:

HO . @D _y @lt+D)

where H" is a complex observer composed from families acting on ®). The full network
is given by:
N =HDo...o D . 1) 5 L+,
This modular construction enables networks to enjoy multiple symmetries, exploit
interpretable convex coefficients A and shape parameters 0 at each layer, and maintain
provable stability through non-expansivity.

2.3.9 Applications

This section presents concrete applications of the GENEO framework in two distinct
contexts: classical image classification and geometric biology. The former assesses the
utility of GENEOs when embedded into convolutional networks for learning from images,
while the latter focuses on pocket detection in 3D protein structures, showcasing how
domain knowledge can be encoded through group equivariant non-expansive operators.
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Figure 2.6: Overview of the GENEO-CNN classification pipeline proposed in [8]. The first
image (top) illustrates the CNN architecture where the initial convolution and pooling
layers are fixed and composed of selected Isometry Equivariant Non-Expansive Operators
(IENEOs), while only the final fully connected layers are learned. This structure en-
sures equivariance to planar isometries, allowing the network to generalize better across
transformed inputs. The second image (bottom) shows examples of IENEOs selected
for MNIST digit classification. These operators were sampled from a parametric family
based on their ability to discriminate instances within the same class, as determined by
pseudo-distances over the operator space. Despite constraints imposed by equivariance,
the selected IENEOs exhibit meaningful topological behavior, such as edge detection, void
filling, and structural cutting.

2.3.9.1 Image Classification with GENEOs

The foundational works [8, 13] introduce the GENEO formalism as a robust alternative
to conventional machine learning methods by leveraging topological data analysis. In
particular, they show that convolutional layers in neural networks can be reinterpreted
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as structured sets of GENEOs, providing built-in guarantees of equivariance and non-
expansivity. To illustrate this, Bergomi et al. [8] implemented convolutional neural
networks (CNNs) in which the trainable convolution kernels were replaced by fixed
GENEO operators selected from a parametric family of isometry equivariant and non-
expansive operators. The goal was to assess whether the introduction of structured priors,
rather than learned filters, could still lead to competitive or even improved performance

in standard visual classification tasks.

Experimental Setup. The experiments targeted MNIST, Fashion-MNIST, and CIFAR-10,
three widely adopted benchmarks in image recognition. In each setting, two models were
trained: (1) A baseline CNN with standard convolutional kernels initialized randomly and
learned via backpropagation. (2) A GENEO-CNN using convolutional layers composed
of GENEOs sampled from a parametric family (e.g., Gaussians mixtures), which were not
updated during training (illustrated in Figure 2.6).

The key property of the GENEOs used in this context is equivariance with respect to
isometries, specifically planar rotations and reflections. Data augmentation was performed
using random translations, reflections, and rotations to empirically evaluate the impact of

equivariance on generalization.

Operator Selection and Sampling. The construction of the GENEO-layer required care-
ful sampling from a parametric family of operators. The authors employed a two-step
strategy: (i) selecting operators that best discriminate between classes under a pseudo-
distance d,4¢c1, and (ii) eliminating redundant operators based on a threshold in function
space AgenEo to ensure diversity in the learned representations. This sampling strategy
is crucial for the performance of the GENEO-CNN. It acts as a form of structured prior
injection, ensuring that the set of GENEOs forms a maximally diverse and label-relevant
basis for the first layer of the network.

Results and Analysis. Empirical results showed that GENEO-based models consistently
outperformed or matched their learned counterparts across all datasets. In particular,
the GENEO-CNN achieved: higher accuracy and lower validation loss, especially in data
regimes with limited samples; increased robustness to transformed inputs, attributed to
the built-in equivariance; and a stable convergence due to the fixed nature of the GENEO
kernels.

This study suggests that the explicit encoding of geometric priors into neural architec-
tures via GENEOs offers multiple advantages. By enforcing symmetries through operator
design, GENEO-based models can reduce the reliance on heavy data augmentation, ex-
tensive regularization, and large-scale parameter optimization. Moreover, the properties
of GENEOs, namely equivariance and non-expansivity, lead to more interpretable models
that can generalize better from fewer training examples. Crucially, the sharp reduction in
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the number of trainable parameters translates to a significantly lower sample complexity,

enabling these models to generalize well even in data-scarce regimes.

Limitations. Nevertheless, the GENEO framework presents limitations that merit at-
tention. The construction of suitable parametric families and the manual selection or
sampling of GENEOs often relies on domain knowledge, which may not always be readily
available. Moreover, while fixed GENEOs offer strong inductive biases, they may con-
strain expressiveness if the assumptions embedded in their design misalign with the true
distribution of the data.

2.3.9.2 Protein Pocket Detection with GENEOs

Equivariant operator design is particularly beneficial in molecular modeling tasks, where
3D spatial structure and symmetry are essential to understanding biological function. In
this context, Bocchi et al. [10] introduce GENEOnet, a learning architecture grounded in
the GENEO framework tailored to the task of protein pocket detection, which is a critical
step in structure-based drug discovery.

Given a protein’s 3D atomic configuration, the goalis to identify ligand-binding pockets,
i.e., regions that exhibit suitable geometric cavities and physicochemical affinity. This task
is naturally equivariant to the group of rigid-body transformations, Isom(R%): rotating
or translating a protein should induce an equivalent transformation on its predicted
binding pockets. To accommodate this, GENEOnet defines a set of n = 8 admissible
scalar functions ¢; : R3 — R, each representing a molecular property (e.g., atomic
occupancy, electrostatic potential, hydrophobicity). These measurements are evaluated
over a voxelized embedding of the protein structure. Each function is then processed
by a GENEO F; selected from a parametric family g based on convolutional kernels

parameterized by 0; € ©:
l,bi = Fi((pi), i= 1, ce ,8. (2.32)

The resulting observations {gbi}?:l are combined into a global pocket prediction ¢ using

a convex combination:
8 8
) = Z)Wi' with A; € [0,1], Z)\i = 1. (2.33)
i=1 i=1

A global threshold 7 € R is applied to obtain a binary prediction map:
D(x) = H(x) = 1}, x e R3, (2.34)

which marks spatial regions likely to constitute valid binding pockets.

Figure 2.7 illustrates the complete workflow of the model (top), along with an example
of pocket prediction over a protein structure from the PDBbind dataset (bottom). Unlike
earlier GENEO-based models such as GENEO-CNN [8], which rely on a curated selection
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Figure 2.7: Overview of GENEOnet [10], a GENEO-based model for protein pocket
detection. The architecture (top) processes eight input channels, each encoding a structural
or physicochemical property of the protein, through a corresponding GENEO F; with
learnable shape parameter ¢;. Each operator produces an output ¢; = F;(¢;), capturing
task-relevant features. These outputs are combined into a unified representation ¢ =
2. a;; using a convex combination with learned weights «; reflecting the importance of
each channel. A global threshold 0 is then applied to produce a binary classification map
1), indicating the predicted binding pockets. The prediction example (bottom) visualizes
the output of the model for a representative protein (PDB ID: 2QWE), showing distinct
pocket candidates rendered in color and ranked by their predicted binding scores. Each
region reflects the likelihood of serving as an optimal ligand-binding site, supporting
tasks such as drug design and protein-ligand interaction analysis.

of operators from a precomputed space, GENEOnet learns its GENEOs end-to-end through
backpropagation. The total number of parameters is remarkably small, just 17 in total (8
kernel shape parameters 0;, 8 convex weights A;, and 1 threshold 7), and yet the model
achieves high predictive power with strong geometric priors and interpretability.

This work also marks the first application of GENEOs to 3D data. To enable convo-
lutional operators over irregular protein structures, the authors employ a voxelization
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strategy that embeds the input into a regular grid. This allows the use of differentiable
3D convolutions as a basis for defining GENEO families while preserving the necessary
topological and symmetry constraints.

Empirical evaluation was conducted on a curated subset of the PDBbind dataset, con-
taining over 12,000 protein-ligand complexes with annotated binding regions. GENEOnet
achieves state-of-the-art performance, obtaining a top-3 accuracy T3 = 0.941, which mea-
sures the probability that the correct binding site is among the three most confident
predictions. It compares favorably against established methods such as Fpocket, Deep-
Pocket, and P2Rank, while using dramatically fewer parameters and training examples.

In contrast to typical 3D convolutional networks, GENEOnet offers several advantages:

¢ Interpretability: Each GENEO corresponds to a domain-specific measurement, and
the learned weight A; reflects its relative importance.

¢ Low Number of Parameters: The model is highly parameter-efficient, with only 17
trainable parameters, which is significantly lower than most deep learning models

for similar tasks.

¢ Sample efficiency: The compactness of the GENEO space allows generalization

from limited supervision, even in noisy or imbalanced datasets.

2.4 3D Scene Understanding for Power Grid Inspection

2.4.1 Motivation and Context

Power grid inspection has long relied on manual techniques such as ground patrols and
helicopter-based surveys. These traditional practices, while effective in specific opera-
tional settings, are increasingly inadequate given the rising complexity and geographic
expansion of modern transmission networks. Expanding infrastructure requires more
frequent and thorough inspection cycles, and the associated costs, time demands, and
safety risks to personnel have become significant concerns [30]. The challenge is further
compounded by the fact that power lines traverse diverse terrains, including rural and
remote areas, where access can be difficult and hazardous. Manual inspections are labor-
intensive and often fail to capture the full scope of potential issues, such as structural
degradation, vegetation encroachment, or environmental damage. These vulnerabilities
can lead to catastrophic failures, including large-scale outages or even wildfires caused by
downed lines [75]. Climate change and extreme weather events further exacerbate these
vulnerabilities. Studies have demonstrated that hurricanes, wildfires, and other hazards
can severely disrupt power transmission and distribution systems [75, 118]. Preventing
large-scale outages and ensuring resilience depend critically on the early identification of
structural degradation, vegetation encroachment, and other risk factors along thousands

of kilometers of lines.
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To alleviate the burden on manual inspection teams, utilities have turned to unmanned
aerial vehicles (UAVs) as a more scalable alternative [4, 98]. Equipped with high-resolution
cameras and onboard sensors, drones can survey infrastructure from various viewpoints
without requiring human operators to physically access hazardous environments. This
shift significantly improves inspection coverage and operator safety. Nonetheless, it
introduces new technical demands, such as autonomous navigation, multi-sensor fusion,

and the post-processing of large volumes of data.

2.4.2 Manual and Automated Inspection Practices

Historically, inspection routines have involved technicians walking or driving along
transmission routes to visually assess towers, insulators, and conductors. For hard-to-
reach locations, helicopter flights are used to capture imagery and thermal data. Although
these methods offer fine-grained control and human judgment, they suffer from a slow
throughput and environmental limitations [99].

In recent years, UAV-based inspection has emerged as a powerful supplement to
conventional methods. Platforms such as the LineScout system have demonstrated success
in navigating high-voltage corridors while acquiring detailed imagery of conductors and
components [99]. Improvements in GPS, inertial navigation, and visual odometry have
enhanced drone positioning accuracy, allowing operators to collect data even in remote
and GPS-challenged environments [4].

Beyond collection, the integration of machine learning has enabled automatic process-
ing of visual data. Deep learning models, particularly convolutional neural networks, have
been applied to classify defects, detect corrosion, or segment vegetation in aerial images
[46]. However, these solutions remain predominantly image-based and are constrained

by the inherent ambiguity of 2D projections, limited depth perception, and occlusions.

2.4.3 Domain-Specific Challenges

Deploying machine learning systems in the context of power grid inspection involves
challenges that surpass typical academic or industrial benchmarks. First, the consequences
of model errors are critical: false negatives can result in missed faults or fire risks, while
false positives lead to unnecessary field interventions and maintenance dispatches.
Power grid scenes are characterized by a wide variety of conditions, including changing
terrain, dense vegetation, atmospheric noise, and non-standard tower geometries. These
factors make generalization difficult and demand models that are robust to occlusion,
noise, and structural diversity. Moreover, infrastructure classes such as power lines and
insulators occupy a small portion of the data, creating severe class imbalance. Most of
the scanned area consists of background elements like vegetation and ground, which can
easily dominate learning algorithms if not properly addressed. Another challenge is the
need for high-resolution 3D data. While 2D images can provide useful information, they
lack depth and spatial context, making it difficult to accurately assess the condition of
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structures or vegetation. This is particularly important for tasks such as detecting vegeta-
tion encroachment, where the spatial relationship between power lines and surrounding
foliage is crucial. Traditional 2D methods often struggle to capture this context [45, 70].
In contrast, LiDAR sensors mounted on UAVs can capture detailed 3D point clouds, but
processing these datasets requires intensive labor efforts to annotate the data and develop
specialized algorithms.

Finally, the operationalization of machine learning models in this domain requires
compatibility with existing Geographic Information Systems (GIS) and asset management
platforms. Models must support human-in-the-loop validation to ensure reliability and
trustworthiness. This may impose constraints on model architecture, output resolution,
and uncertainty estimation, as well as need for explainability features to facilitate adoption

by utility operators.

2.4.4 Existing Datasets and Their Limitations

While several datasets have driven progress in 3D scene understanding, most are tailored to
urban driving, indoor navigation, or synthetic object classification. SemanticKITTI [6] and
nuScenes [12] provide valuable benchmarks for autonomous driving but feature vehicle-
mounted LiDAR from road-level perspectives. Datasets like ScanNet [23] and S3DIS [3]
target indoor reconstruction and object segmentation. ShapeNet [14] and PartNet [74]
support synthetic 3D shape analysis.

For vegetation and forestry, Forest3D [101] and NEON [71] offer airborne LiDAR data
but do not contain infrastructure components. GTASynth [22] provides synthetic terrain
with simulated LiDAR, yet lacks the fidelity and variability of real-world rural power
lines. DALES [103] includes utility towers but only in urban settings and focuses on large
high-voltage structures, which are typically isolated and easier to detect.

These datasets fail to capture the intricate challenges of rural utility inspection, where
mid- and low-voltage towers are embedded in cluttered environments and are often
occluded or surrounded by dense vegetation. There is a pressing need for annotated,
high-resolution 3D datasets specifically curated for power grid inspection tasks.

In this work, we present a benchmark dataset that addresses this gap. It consists of
UAV-acquired point clouds covering realistic rural power line scenarios, including various
tower types, terrain conditions, and vegetation profiles. The dataset is annotated with
fine-grained semantic labels suitable for segmentation and detection tasks, providing a
foundation for developing robust and interpretable 3D learning models for power grid

inspection.
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NEON DALES

Figure 2.8: Visual comparison of 3D datasets frequently referenced in infrastructure scene
understanding. Top left: Forest3D [101] provides high-resolution LiDAR over forest plots
for biomass and canopy analysis. In the image: (a) TLS data imported into 3D Forest (Base
cloud) before segmentation; (b) automatic octree-based segmentation into Terrain (brown)
and Vegetation (green), refined manually; (c) individual Tree clouds shown in random
colors; (d) DBH and tree height annotated for each tree; (e) tree crown concave hulls; (f)
3D convex hulls of crowns and their intersections (yellow). Top right: GTASynth [22]
features synthetic LiDAR from simulated off-road driving environments, but exhibits
limited variability and realism compared to true rural domains. The path shown in the
image represents the trajectory of a simulated vehicle. Bottom left: NEON [71] offers
rich ecological data from airborne sensors, with a focus on vegetation dynamics and no
coverage of transmission systems. The image shows the evolution of the same terrain over
the span of a year. Bottom right: DALES [103]-style datasets include large-scale utility
towers in urban areas, where structures are isolated and relatively easy to detect.
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TS40K: A BENCHMARK DATASET ON RURAL

PoweR GRID INFRASTRUCTURE

This chapter introduces TS40K, a novel benchmark dataset designed to support machine
learning research in rural power grid inspection. The dataset comprises high-resolution
3D LiDAR scans acquired from Unmanned Aerial Vehicle (UAV) flights conducted over
medium-voltage electrical infrastructure in rural, vegetation-rich environments. Unlike
existing 3D benchmarks, which primarily focus on autonomous driving or indoor robotics,
TS40K captures the unique challenges of infrastructure monitoring, including sparse struc-
tural elements, dense vegetation, and strong class imbalance. This chapter is based on
work published at the 2025 IEEE/CVF Winter Conference on Applications of Computer
Vision (WACV) [51]. We begin by describing the data acquisition protocol, including UAV
hardware specifications. We then detail the annotation methodology and how the labels
were tailored to support common inspection tasks in semantic segmentation and object
detection. Following this, we present dataset statistics such as class distributions, offering
an overview of the dataset’s scope. Lastly, we establish baselines for 3D semantic segmen-
tation and 3D object detection. We conclude by discussing the unique challenges posed
by TS40K, including high-density noise artifacts, noisy labels, and structural diversity.

3.1 Introduction

Rural power grids are a vital component of electrical infrastructure, ensuring the distribu-
tion of energy across remote areas and supporting communities, agriculture, and critical
services. Maintaining these systems requires regular inspection to prevent faults, ensure
compliance, and mitigate the risk of wildfires. However, traditional inspection methods
such as ground patrols and helicopter flyovers are labor-intensive, costly, and pose safety
risks for field personnel. As electrical transmission systems expand across thousands
of kilometers, these inspections become not only more necessary but also increasingly
difficult to carry out at scale.

In recent years, UAV-based remote sensing has emerged as a promising alternative,
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offering scalable and efficient data acquisition through high-resolution LiDAR. Despite
this progress, the automation of downstream processing remains limited. Most of the
acquired 3D data must still be manually inspected or annotated before use, delaying
critical decisions and blocking the full potential of UAV-based inspection. Machine
learning solutions have been proposed to automate visual inspection via classification and
segmentation models, yet many of these approaches rely exclusively on Red, Green, Blue
(RGB) images, which lack the spatial depth needed for accurate infrastructure analysis.
3D data offer a richer geometric perspective, which is particularly useful for identifying
vegetation encroachment, structural deformation, or component failures. However, there
remains a critical lack of publicly available, high-resolution 3D datasets tailored to rural
power grid inspection. Existing datasets in rural areas or containing power grid elements
such as DALES [103] and Forest3D [101] often focus on high-voltage transmission lines or
vegetation detection. Neither of these datasets captures the full complexity of rural power
grid inspection, which involves medium-voltage infrastructure, diverse terrain types, and
varying vegetation densities.

To address this gap, we introduce TS40K, a novel LiDAR benchmark dataset designed
specifically for rural power grid inspection, illustrated in Figure 3.1. Captured using
UAV-mounted sensors over real-world transmission corridors, TS40K contains over 40,000
kilometers of densely annotated point clouds spanning various terrain types, vegetation
densities, and infrastructures. Each scene is labeled with a task-driven class ontology
suited for Machine Learning (ML)-based inspection workflows, including supporting
towers, power-lines, vegetation, and terrain. The dataset presents numerous interesting
challenges for learning systems: high-density noise artifacts, structural elements with high
shape diversity and low point density, and realistic label noise introduced by adapting
specific inspection labels to ML-driven labels.

The main contributions of this chapter are:

¢ We introduce TS40K, the first large-scale, publicly available LiDAR dataset for rural
power grid inspection, densely annotated with a domain-specific class ontology.

* We define benchmark tasks for 3D semantic segmentation and object detection,

reflecting the operational needs of inspection workflows.

¢ We provide baseline experimental results to enable reproducible research and fair

comparisons.

¢ We highlight the dataset’s unique challenges, which include noisy annotations,

structural diversity, and the presence of spurious points.

In essence, this work introduces a novel dataset and extends an invitation to the
research community to explore, innovate, and address the unique challenges of rural
power grid inspection in a more diverse and realistic setting.
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(b) Tower-radius sample type (c) Power-line sample type (d) No-tower sample type
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Figure 3.1: Overview of the TS40K dataset structure and sample types. (a) Raw UAV-
acquired LiDAR scan illustrating the typical linear corridor structure of rural power grid
infrastructure in highly irregular terrain. The TS40K dataset is organized into three
distinct sample types based on infrastructure content: (b) Tower-radius samples focus on
transmission towers and their immediate surrounding environment, capturing critical
structural details and nearby vegetation for clearance analysis. (c) Power-line samples
emphasize the linear transmission elements between towers. (d) No-tower samples represent
rural terrain segments along transmission corridors that exclude supporting structures but
may contain power lines. (e-f) Class density analysis reveals the challenging distribution
characteristics of TS40K: extreme class imbalance with terrain and vegetation dominating
the point count, while infrastructure elements (towers and power lines) represent less
than 2% of total points.
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3.2. DATA ACQUISITION SETUP

3.2 Data Acquisition Setup

TS40K was constructed using a UAV-based LiDAR acquisition pipeline tailored to the
specific needs of rural electrical infrastructure inspection. Unlike most autonomous driving
datasets that rely on vehicle-mounted sensors traversing urban grids, TS40K captures
long, linear corridors that reflect the layout of transmission grids. This section details the
technical configuration of the data collection platform, the strategy for selecting relevant
scenes, and the types of objects represented in the dataset.

It is important to note that the data was originally acquired and is owned by the
inspection company Labelec, which routinely performs these surveys as part of their
operational activities. Our work leverages this existing data with the company’s permission

for research purposes.

3.2.1 UAV and Sensor Configuration

The data was collected using a multirotor UAV platform fitted with a high-resolution
LiDAR sensor and a tightly integrated GNSS-IMU navigation system. Data acquisition
campaigns were conducted across multiple countries in Europe, including Portugal, Spain,
and Italy, where the company responsible for the inspections operates. This ensured
geographic diversity and captured a wide range of rural infrastructure and environmental
conditions. Flight missions were conducted using multirotor UAVs (namely, YellowScan
Mapper+ system) optimized for long-endurance operations, typically flying at an altitude
of approximately 100 meters and a speed of 5 to 20 meters per second. The system offers a
horizontal swath of approximately 140 meters and a point density of up to 170 points per
square meter, with a precision of 2.5 cm and an absolute accuracy of 3.0 cm. The LiDAR
operates with a field of view (FOV) of 70.4°, firing 240,000 laser shots per second with up
to three echoes per shot, generating up to 720,000 points per second. Captured data is
synchronized using GNSS timestamps and post-processed using Applanix POSPac UAV
software to refine geo-referencing and motion compensation. The resulting point clouds
exhibit strong spatial coherence and high fidelity.

This UAV-LiDAR configuration strikes a balance between operational feasibility, specif-
ically in terms of flight time, payload weight, regulatory compliance, and the vertical
resolution required to inspect elevated infrastructure components from a safe distance.
Overall, it allows for scalable acquisition of hundreds of meters of infrastructure in a single

mission, enabling remote inspections of large rural networks.

3.2.2 Scene Selection

Each UAV mission captures several minutes of uninterrupted flight, yielding raw point
clouds that may include a mixture of takeoff zones, surrounding terrain (such as rural
areas with no relevant power grid elements), infrastructure segments, and other unrelated

elements. In order to construct a clean, task-relevant benchmark, each mission is manually
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reviewed to identify and extract inspection-worthy segments. Scenes that contain only
vegetation, forest canopy, or unstructured background are discarded. The selected scenes
are typically linear segments aligned with the real layout of the power grid infrastructure.
Rather than generating square or tiled LiDAR frames, each raw segment corresponds to
a continuous corridor that follows the transmission path. This representation is more
consistent with how inspections are conducted in practice and ensures that structural
relationships (e.g., the spacing between poles) are preserved across frames. These seg-
ments present various terrain types, such as flat, hilly or vegetated areas, and structural

configurations, including single- and multi-pole structures with diverse shapes.

3.2.3 Main Actors of the Scene

The original labels provided by the utility operator were designed for operational in-
spection and maintenance purposes, often encoding application-specific categories (such
as model keypoint). For the purposes of 3D scene understanding, we abstracted these
into a semantically meaningful set of object classes that better align with the needs of
segmentation and detection tasks. These higher-level actors reflect the main structural
and environmental elements present across all scenes in the TS40K dataset:

* Power line supporting towers: includes wood, metal, and concrete variants with

varying height and shapes.

¢ Power lines: are thin linear elements suspended between poles, often appearing
as catenary curves in space. Their detection is critical for clearance assessment and

vegetation encroachment analysis.

* Vegetation: includes trees, bushes, and other natural elements that may interfere
with overhead lines. The vegetation class varies significantly in shape, density, and
elevation, posing a challenge for both segmentation and detection.

¢ Ground: comprises soil, grass, and other surface elements that define the bottom
layer of each scene. These points are numerous and dominant in terms of class

frequency.

To characterize the geometry of key infrastructure elements, we conducted an ex-
ploratory analysis of the labeled point clouds. For power line supporting towers, we
applied DBSCAN (Density-Based Spatial Clustering of Applications with Noise), a density-
based clustering algorithm, to isolate instances using the provided annotations. Proper
tuning of the neighborhood parameters (e, ) yielded well-separated clusters, each corre-
sponding to a single tower. Analysis of these clusters revealed that towers typically consist
of 334 to 5,860 points. Their bases are usually square in shape, averaging 4.15 meters in
width and 4.2 meters in length. Tower heights range from 18 to 40 meters, with a mean
value of 34.74 meters. The spacing between towers varies from 45 to 500 meters, averaging
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approximately 300 meters. All towers are connected to one or more power lines. A similar
strategy was employed to analyze the structure of power lines. Each line segment, defined
as the stretch between two adjacent towers, typically contains between three and six cables
and spans 200 to 500 meters. Line segments are represented with low fidelity, containing
between 500 and 900 points. The sag of the cables generally ranges from 1 to 3 meters.
Vegetation classes vary widely in shape, density, and vertical extent, ranging from low
vegetation to tree canopies. In some scenes, vegetation reaches or exceeds tower height,
increasing the risk of line contact. Lastly, terrain points constitute the dominant class by

volume and are highly irregular in shape, with varying elevations and relief.

3.2.4 Properties of the LIDAR Data

A defining characteristic of TS40K lies in its acquisition protocol: all scenes are captured
from a Bird’s Eye View (BEV). This top-down perspective results in point clouds that
exhibit properties that differ substantially from conventional 3D datasets acquired from
ground-based sensors, such as those mounted on vehicles for autonomous driving data.
The BEV perspective introduces a set of data properties that are especially relevant for

machine learning applications in 3D scene understanding:

* No Occlusion: In contrast to ground-based LiDAR datasets (such as Waymo [92] or
ScanNet [23]), which frequently suffer from object occlusion, the BEV acquisition of
TS40K ensures that all scene elements are unobstructed and heavily detailed (except

for their interiors).

* Homogeneous Object Density: Objects exhibit spatially uniform density across
their surface, meaning that the number of points per unit area remains consistent
across the extent of an object. This consistency simplifies sampling, neighborhood
construction, and feature extraction operations that are central to point-based neural
networks. Although different classes have different absolute densities, intra-object
density remains highly stable.

¢ High Point Density: Each scene contains a large number of points per square meter,
which facilitates the application of voxelization schemes. In contrast, autonomous
driving datasets [6, 23] are typically much sparser.

Although these properties make TS40K especially suitable for machine learning due
to its rich representations, they also accentuate a core challenge: extreme class imbalance.
The BEV setup inherently prioritizes the terrain, leading to a severe underrepresentation
of infrastructure elements. Despite the careful selection and cropping of relevant scenes
(detailed in Section 3.3), less than 2% of all points in TS40K belong to classes directly asso-
ciated with the power grid (e.g., towers and lines). This imbalance introduces significant
difficulty in both training and evaluation, as learning algorithms may struggle to extract

discriminative features for rare but crucial classes.
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3.3 Point Cloud Annotation and Sample Types

3.3.1 Annotation Workflow

All 3D annotations in TS40K were produced internally by Labelec’s inspection team,
with the primary goal of supporting maintenance workflows rather than downstream
machine learning. The labeling process is driven by the needs of human inspectors and risk
assessment protocols, not by dataset curation or model training considerations. To this end,
a hybrid workflow is employed, combining rule-based heuristics with manual verification
and correction. For example, ground points are often identified using geometric criteria
and elevation-based filters, while finer structures like towers and vegetation are reviewed
and annotated manually.

One notable policy is applied to supporting towers: rather than restricting labels
strictly to the visible structure, all points within a small radius surrounding the base of
each tower are labeled as part of the supporting infrastructure. This is a deliberate security
precaution, ensuring that any object or obstruction in close proximity is accounted for in
clearance and encroachment assessments. While this enhances inspection reliability, it
also introduces label noise from power lines, terrain artifacts, or small objects that may
not belong to the tower itself.

The full set of annotated classes and their distributions are detailed in Table 3.1.

3.3.2 Labels Designed for Inspection Tasks in Machine Learning

Although TS40K’s annotations stem from practical inspection objectives, they translate
effectively into a semantic structure suitable for training and evaluating ML models. In
collaboration with domain experts, we consolidate the annotated labels into a set of six
semantic classes that reflect the primary actors of the inspection task: ground, low vegetation,
medium vegetation, power line support tower, power line, and noise. These categories serve as
the foundation for both 3D semantic segmentation and object detection benchmarks. A
complete mapping from original labels to semantic classes is provided in Table 3.2.

This mapping process simplifies the annotation space in a manner that supports ML
training, while still preserving the practical semantics relevant to inspections. For example,
distinguishing between low and medium vegetation supports models in estimating clear-
ance risks, while identifying tower structures enables detection-based models to analyze
supporting infrastructure. Noise points, which stem from sensor artifacts or incomplete
labeling, are retained to reflect the natural variability and imperfection of real-world
datasets.

3.3.3 Semantic Classes

In Table 3.2, we detail the mapping of the inspection annotations to the semantic classes
used in TS40K. The table also indicates which original labels were excluded from the
semantic task, such as model keypoints and low reliability annotations, which do not
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ANNOTATION AND SAMPLE TYPES

Table 3.1: Annotated classes in the TS40K dataset and their distribution for power-grid
inspection. Ground and road surfaces constitute the majority of the dataset (63%), whereas
the power-grid only constitute 1.43% of the 3D points.

Label Class Density(%) | Label Class Density(%)
0 Created 0 11 Road surface 44.752
1 Unclassified 0.571 12 Overlap points 0.529
2 Ground 23.403 13 Medium Reliability 0

3 Low vegetation 18.758 14 Low Reliability 0

4 Medium vegetation 0.241 15 Power line support tower 0.519
5 Natural obstacle 1.069 16 Main power line 0.907
6 Human structures 0 17 Other power line 0.002
7 Low point 0.362 18 Fiber optic cable 0

8 Model key points 0 19 Not rated object to be consider ~ 8.205
9 Water 0 20 Not rated object to be ignored 0

10 Rail 0.681 21 Incidents 0

Table 3.2: Mapping of annotated labels to semantic classes for power grid inspection. "—’
indicates labels excluded from the semantic task.

Original Label Annotated Class

Semantic Class Original Label

Annotated Class Semantic Class

0 Created
Unclassified
Ground
Low vegetation
Medium vegetation
Natural obstacle
Human structures
Low point (noise)
Model keypoints (masspoints)
Water
Rail

O 0N O Ul WM

=
(=1

Noise
Ground
Low Vegetation
Medium Vegetation
Medium Vegetation
Noise

Ground

Ground
Low Vegetation

Road surface
Overlap points
Medium reliability
Low reliability
Power line support tower
Main power line
Other power line
Fiber optic cable
Not rated (object to be considered)
Not rated (object to be ignored)
Incidents

Power line support tower
Power lines
Power lines
Noise

Table 3.3: Distribution of semantic classes in the TS40K dataset.

Label

Semantic Class

Density (%)

0

U= WO N =

Noise

Ground

Low Vegetation

Medium Vegetation
Power Line Support Tower
Power Line

1.348
55.281
35.520
6.647
0.431
0.771

contribute to the core inspection objectives. The resulting semantic class distribution,

shown in Table 3.3, highlights the inherent imbalance present in UAV-acquired datasets.

The vast majority of points belong to terrain or vegetation classes, with transmission

system elements accounting for less than 2% of the total point cloud.

3.3.4 Sample Types

To safeguard the topology of the transmission system while preserving the utility of the

data, we segment the dataset into three sample types, each reflecting distinct aspects of

the power grid environment:

* (1) Tower-radius: Includes the environment around a power-line support tower,

providing a comprehensive view of the surroundings relevant to the tower’s location.

* (2) Power-line: Focuses on power lines as the main actors, featuring two towers

at opposite sides. This sample type offers insights into the spatial relationships of

power lines and their supporting structures.
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(a) Tower-radius (b) Power-line (c) No-tower
. Moise | Power Line . Power Line Support Tower . Ground . Low Vegetation . Medium Vegetation

Figure 3.2: TS40K sample types. Each column shows two examples of a sample type
described as follows: (a) Tower-radius: Focuses on the immediate vicinity of transmission
towers, capturing detailed structural geometry and nearby vegetation, which is critical
for clearance and encroachment analysis. (b) Power-line: Spans the region between
two adjacent towers, emphasizing the linear transmission elements and their interaction
with terrain and vegetation, supporting line sag and risk assessment. (c) No-tower:
Represents corridor segments without visible towers, typically dominated by terrain and
vegetation, serving as background or negative samples for detection tasks. The legend
below maps semantic classes to colors, illustrating the extreme class imbalance and the
spatial relationship between infrastructure and natural elements.

* (3) No-tower: Represents rural terrain without supporting towers but potentially
includes power lines. This sample type provides context for areas where transmission

infrastructure is absent.

These sample types are illustrated in Figure 3.2. On average, samples span 70, 100,
and 90 meters, respectively, for tower-radius, power-line, and no-tower segments.

3.4 Benchmark Tasks

3.4.1 Data Preprocessing

To support reproducible machine learning experiments on TS40K, we define a benchmark
split and establish a standardized preprocessing pipeline. The dataset consists of 24,355
point cloud samples derived from the three sample types: tower-radius (3663 samples),
power-line (3590 samples), and no-tower (17,102 samples). For each type, 80% of the
samples are allocated for training and validation, and the remaining 20% are held out
for testing. The training-validation split is randomized at each training cycle, while the
test set remains fixed. This ensures robust evaluation while allowing flexibility for model
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development. To somewhat mitigate the severe class imbalance inherent to UAV-based
inspection data, we apply point subsampling strategies. We compare three subsampling
methods:

¢ Farthest Point Sampling (FPS) preserves geometric structure by ensuring that
selected points are evenly spaced. It is particularly effective at retaining rare classes
such as power lines and towers but incurs higher computational cost.

¢ Inverse Density Importance Subsampling (IDISS) samples points based on local
point density. While it promotes inclusion of sparser regions, it often overemphasizes
noise and may distort geometry.

* Random Point Sampling (RPS) offers computational simplicity but tends to elimi-
nate underrepresented classes due to its unbiased nature, making it suboptimal for
inspection-critical tasks.

As demonstrated in Figure 3.3, Farthest Point Sampling (FPS) strikes the best balance
between class representation and spatial fidelity. This strategy is adopted in our semantic
segmentation and object detection baselines. As a result, the power grid classes (towers
and lines) increase from 1.4% in the raw data to approximately 2.9% after subsampling,

improving training signal for minority classes.

3.4.2 3D Semantic Segmentation

The task of 3D semantic segmentation involves assigning a class label to each point in a

scene:

Ui = fseg(P) fori=1,...,N, (3.1)

where P is the input point cloud, and j; is the predicted class for point p;.
We evaluate segmentation performance using the standard mean Intersection over
Union (Mean Intersection over Union (mlIoU)) metric:

mloU = (3.2)

C
Z_;TP +FP +FN,.’

where TP, FP., and FN, denote the true positives, false positives, and false negatives for
class ¢, and C is the total number of classes.

3.4.3 3D Object Detection

3D object detection aims to localize and classify discrete structures within the point cloud

by predicting oriented bounding boxes. This task is defined as:

B = faet(P), (3.3)
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Figure 3.3: Comparison of subsampling techniques across TS40K sample types. Each
row corresponds to a different sample type: Top: Tower-radius, Middle: Power-line,
Bottom: No-tower. Each column shows the effect of a subsampling method: (1) Original,
(2) Farthest Point Sampling (FPS), (3) Random Point Sampling (RPS), and (4) Inverse
Density Importance Subsampling (IDISS). FPS preserves geometric structure and
improves minority class representation, RPS is efficient but may lose rare classes, and

IDISS increases density for sparse regions but can distort geometry. The legend below
maps semantic classes to colors.

where B = {By, ..., By} is the set of predicted objects, and each 3D object B; is represented
as:
B; = [x¢,Ye,2zc, 1, w, h, 0,class], (3.4)

with (x¢, yc, z.) as the center, [, w, and h as the dimensions, 0 as the orientation, and class
as the object category.

We consider three target classes for detection: power line support towers, power lines, and
medium vegetation. These are relevant for assessing clearance, sag detection, and vegetation
encroachment. The primary metric is mean Average Precision (mAP), computed as:

1 C
AP, = / P.(R)dR and mAP = lZAPC, (3.5)
0 c c=1

where P.(R) is the precision at recall R for class c. We use 3D Intersection over Union (IoU)
thresholds of 0.5 for towers and 0.25 for lines and vegetation, reflecting their different
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Table 3.4: 3D semantic segmentation: Benchmark results of baselines on the TS40K test
set. Noise is ignored during training and evaluation. We report mean IoU (mloU %) and
per-class IoU (%) scores. Due to the extreme class imbalance, we showcase the results
with both regular and weighted cross entropy.

Method Loss Function | mloU (%) | Ground | Low Vegetation | Medium Vegetation | Power Line Support Tower | Power Line
PointNet [78] 36.25 49.57 55.53 9.58 4.52 66.73
PointNet++ [79] Cross Entro 40.72 59.05 55.62 11.42 292 74.58
RandLaNet [44] PY | 1438 28.69 43.18 0.04 0 0
KPConv [96] 56.18 63.35 59.76 24.41 40.62 92.75
PTV1[20, 121] 59.26 75.15 66.02 29.74 35.32 90.05
PTV2[20,110] 62.27 77.73 65.78 49.45 26.39 91.98
PointNet [78] 44.58 62.72 4492 17.91 17.57 79.79
PointNet++ [79] Weighted 46.90 59.03 55.35 18.57 21.32 80.22
RandLaNet [44] | Cross Entropy 16.76 23.21 40.27 17.38 0.91 2.02
KPConv [96] 57.58 64.52 59.23 38.08 33.03 93.06
PTV1 [20, 121] 62.67 77.34 67.90 32.78 43.80 91.51
PTV2[20,110] 65.58 77.31 64.22 48.94 43.42 93.99

spatial extents.

3.5 Experimental Results

3.5.1 3D Semantic Segmentation Results

To assess the efficacy of TS40K for semantic segmentation, we benchmark several state-
of-the-art 3D point cloud segmentation models: PointNet [78], PointNet++ [79], RandLA-
Net [44], KPConv [96], and two variants of Point Transformer [110, 121]. Results are
evaluated using mean Intersection over Union (mloU) and per-class IoU across the six

semantic classes defined in the dataset.

Performance Overview. As summarized in Table 3.4, Point Transformer V2 (PTV2)
achieves the best overall performance with an mIoU of 65.58% using weighted cross-
entropy. It consistently outperforms earlier methods, particularly in medium vegetation
(48.94%) and power line (93.99%). KPConv also performs strongly, especially in power-
grid-related classes, which may be attributed to its convolutional architecture capturing
local geometric patterns.

In contrast, RandLA-Net struggles with underrepresented classes, performing poorly
on both vegetation and power grid elements. Rand-LA-Net subsamples points in its
encoding layers randomly, giving the model a fast inference time butleading to a significant
loss of information, especially for rare classes. This is evident in its low mloU of 16.76%
with weighted loss, indicating that random sampling is not effective for imbalanced

datasets like TS40K. This supports our earlier analysis in Figure 3.3.

Impact of Class Imbalance. Weighted loss functions significantly boost detection rates
for rare classes. For example, PointNet++ improves tower IoU from 2.92% to 21.32% when
switching from cross-entropy to weighted loss. This confirms the benefit of counterbalanc-
ing label skew during training, particularly for power grid components, which constitute
less than 2% of the dataset.
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Table 3.5: Confusion matrix analysis of Point Transformer V2 performance on TS40K
semantic segmentation. Rows correspond to true labels and columns to model predictions.
Noise is frequently mislabeled as support towers or power lines, likely due to proximity.
Medium and low vegetation are also occasionally misclassified as towers. This real-world
sensor noise provides an opportunity to evaluate denoising methods.

Noise | Ground | Low Veg. | Med. Veg. | Tower | Power Line
Noise - 9.05% 14.35% 20.95% | 11.14% 44.52%
Ground - 86.45% 6.53% 6.39% 0.55% 0.07%
Low Veg. - 6.70% 73.20% 18.12% 1.77% 0.20%
Med. Veg. - 1.89% 14.06% 81.70% 1.92% 0.52%
Tower - 0.16% 0.63% 0.65% 97.84% 0.72%
Power Line - 0.01% 0.19% 0.54% 1.80% 97.36%

Qualitative Analysis. Figure 3.4 illustrates PTV2’s performance across different sce-
narios. The model demonstrates strong capability in detecting infrastructure elements,
successfully identifying towers and associated power lines. Notably, PTV2 sometimes
predicts tower structures that are absent in the ground truth annotations, potentially

revealing under-labeling in the original dataset rather than model errors.

However, the qualitative results also expose some challenges: the model occasionally
generates spurious ground or vegetation predictions near tower bases, likely caused by
the annotation policies employed.

Deployment Assessment. While the quantitative results in Table 3.4 show promising
performance, particularly for power line detection (>90% IoU), supporting towers remain
below the deployment threshold imposed by our industry partner, Labelec, which requires
at least 85% IoU for safety-critical elements, namely the power grid. No evaluated model
achieves this for tower detection. The confusion matrix in Table 3.5 highlights that noise
points are frequently misclassified as infrastructure elements, especially towers and power
lines. This indicates that future methods must be more carefully designed to address

spurious point artifacts, which are common in UAV-acquired datasets.

3.5.2 3D Object Detection Results

For object detection evaluation, we implement five representative 3D detection methods
from the OpenPCDet framework [95]: SECOND [116], PointPillars [50], PointRCNN [85],
Part-A2 Net [86], and PV-RCNN [87]. These methods represent different architectural
paradigms, from pure voxel-based approaches to hybrid point-voxel fusion strategies. We
evaluate detection performance using mean Average Precision (mAP) computed over 11
recall points for three inspection-critical object classes: power line support towers, power

lines, and medium vegetation.
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Figure 3.4: Qualitative analysis of Point Transformer V2 (PTV2) performance on TS40K
semantic segmentation. The figure demonstrates both the capabilities and limitations
of state-of-the-art point cloud segmentation methods on rural power grid infrastructure.
Top row: Example showcasing PTV2’s robust detection capabilities, where the model suc-
cessfully identifies the primary transmission tower (left corner) and accurately segments
smaller supporting structures that are occasionally missed in ground truth annotations.
Bottom row: Challenging case revealing common failure modes, where PTV2 introduces
spurious ground patches around tower bases that are absent in the original annotations.
Additionally, PTV2 frequently misclassifies noise artifacts as power grid elements (such
as towers and power lines), which undermines the reliability of ML-based inspection by
compromising the accurate retrieval of infrastructure. These qualitative results comple-
ment the quantitative ones in Table 3.4, illustrating why even high-performing models
require careful validation before deployment.

Performance Overview. Asshown in Table 3.6, PV-RCNN achieves the best overall mAP
of 61.23%, excelling across all three categories. Power line detection proves consistently
strong for all models, with AP values above 83%. This can be attributed to the line’s
relative separation from the scene. In contrast, detecting support towers remains difficult.
Even the best model (PV-RCNN) reaches only 40.32% AP for towers.
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Table 3.6: 3D object detection: Benchmark results of baselines on the TS40K test set under
the 3D Average Precision (AP) metric with 11 recall points. We report mean AP and
per-class AP scores.

Method mAP (%) | Power Line Support Tower (%) | Power Line (%) | Medium Vegetation (%)
SECOND [116] 52.68 32.64 85.09 40.32
PointPillars [50] 56.63 38.63 83.74 47.53
PointRCNN [85] 57.65 36.54 88.71 44.26
Part-A2 Net [86] 58.65 39.55 86.69 48.00
PV-RCNN [87] 61.23 40.32 92.77 50.61

3.6 TS40K’s Unique Challenges

3.6.1 Noisy Labels

The TS40K dataset inherits several annotation artifacts that are intrinsic to inspection
pipelines. Annotations are achieved by maintenance personnel using a combination of
heuristic filters and manual revision, with the goal of enabling faster inspections rather
than machine learning. This introduces systematic noise in the ground truth, particularly
near supporting structures. For instance, safety-related heuristics may expand tower labels
to include nearby ground and clutter, ensuring that vegetation encroachments around
infrastructure are not missed. Similarly, isolated power lines not belonging to the main
transmission system may be labeled inconsistently or misclassified as medium vegetation.
These mismatches between visual semantics and operational logic complicate the use of
TS40K for pointwise learning tasks (as illustrated in Figure 3.5).

To mitigate this, we construct an alternative label set by computing model agreement
among the five best-performing semantic segmentation baselines on the dataset. Specifi-
cally, we identify points for which at least seventy percent of the models predict the same
class, and retain these labels as a proxy for higher-confidence ground truth. However, we
also retain all points originally labeled as support towers regardless of model disagree-
ment, given their low representation, low baseline performance, and critical importance.
However, this results in a substantial reduction of the dataset size: approximately 40%
points are pruned after filtering for consensus. To support transparent evaluation, we
release both the original noisy labels and the alternative, agreement-based version, along
with per-point agreement scores and majority class assignments. This enables researchers
to select the labeling strategy best suited to their application.

The noisy labels in TS40K highlights the inherent difficulties of repurposing industry
datasets for machine learning. At the same time, the diversity of scenarios and annotation
policies ensures that TS40K remains representative of real-world inspection challenges. As
a promising future direction, one could explore introducing a post-reviewing stage that
combines automated and manual assessment: model predictions would be accepted when
their softmax confidence exceeds a predefined threshold, while ambiguous cases would
be deferred to human experts for final verification. We explore this hybrid approach in
more depth in Chapter 4, as a mechanism to improve both the quality of annotations and
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(a) Noisy Ground Truth. (b) Ground Truth with Agreement.
. Moise | Power Line . Power Line Support Tower . Ground . Low Vegetation . Medinum Vegetation

Figure 3.5: Noisy labels in TS40K: Challenges and Mitigation. Noisy labels represent a
significant challenge in the TS40K dataset, particularly in safety-critical regions such as
those surrounding supporting towers. In certain cases, non-grid power lines or spurious
sensor points may be incorrectly annotated as vegetation or structural components due
to heuristic-driven labeling procedures. This is especially common near towers, where
conservative labeling practices are applied to capture potential encroachment risks. The
top row illustrates such cases of mislabeling in the ground truth annotations. To address
this, we leverage an agreement-based approach using predictions from state-of-the-art
models. By selecting only the 3D points where model agreement exceeds a defined
threshold, we construct a refined annotation mask that improves consistency and reduces
noise. The bottom row displays the revised label distribution based on model agreement,
which serves as an alternative supervision label for model training and evaluation.

the operational latency of inspection pipelines.

3.6.2 Spurious Points from High-density Noise

Although the TS40K dataset benefits from UAV-based acquisition with high point density
and minimal occlusion, it is still subject to real-world sensor artifacts. Weather conditions,

reflective surfaces, and trajectory perturbations can introduce spurious points that appear
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(a) Ground Truth (b) PTV2 Prediction
. Noise Power Line . Power Line Support Tower . Ground . Low Vegetation . Medium Vegetation

Figure 3.6: Impact of high-density LiDAR noise on semantic segmentation in TS40K.
This figure illustrates a challenging scenario where Point Transformer V2 struggles to
accurately segment power grid infrastructure due to dense spurious points. Weather
conditions, reflective surfaces, and flight trajectory perturbations can generate unstruc-
tured noise clouds, particularly near towers and within vegetation. As a result, the model
misclassifies noise points as power lines and towers. These artifacts blur segmentation
boundaries and undermine the reliability of automated inspection. This highlights the
need for denoising and uncertainty-aware learning strategies in real-world 3D datasets.

as dense noise clouds. These points often form unstructured outliers near towers or within

vegetation volumes.

While the noise class is typically ignored during training, its presence during inference
poses a significant challenge. In high-density regions, segmentation boundaries become
blurred, and models are prone to confusion between towers, vegetation, and noise. As
shown in Figure 3.6, even high-performing baselines such as Point Transformer V2 can
produce unreliable predictions under these conditions. To better understand this, we
compute the confusion matrix for the best-performing model (PTV2) using the original
noisy labels. Table 3.5 reveals that more than forty percent of points labeled as noise are
misclassified as power lines, and more than eleven percent are misclassified as towers.
This level of misclassification is problematic in inspection pipelines, especially in power

grid elements.

On the other hand, TS40K serves as a valuable benchmark for advancing denoising
techniques and uncertainty-aware segmentation. Its real-world noise artifacts provide
tertile ground for developing resilient learning strategies and are seldom found in other
3D point cloud benchmarks.

54



3.6. TS40K’S UNIQUE CHALLENGES

Table 3.7: Focusing on towers: Benchmark results of 3D semantic segmentation baselines
on the TS40K trained with fower-radius and power-line sets.

Method Test Set mloU (%) | Ground | Low Vegetation | Medium Vegetation | Power Line Support Tower | Power Line
PointNet [78] Only Tower 34.35 50.38 52.07 0.9 7.15 61.16
PointNet++ [79] Inc}liu din 39.55 48.47 50.54 2.37 30.06 66.51
RandLaNet [44] | " S0 tg 428 5.26 0 16.12 0 0
KPConv [96] 47.46 48.40 26.82 30.85 42.69 88.53
PTV1[20, 121] 50.29 64.12 25.98 35.46 41.71 78.10
PTV2 [20,110] 60.88 75.08 48.74 43.24 48.47 88.86
PointNet [78] 32.77 48.63 50.51 2.18 4.73 57.82
PointNet++ [79] Entire 34.78 45.17 50.60 1.03 16.56 60.51
RandLaNet [44] Test Set 413 2.07 0 18.58 0 0
KPConv [96] 42.38 49.40 18.54 29.10 32.08 82.77
PTV1[20,121] 44.89 69.47 28.53 31.90 16.43 78.10
PTV2[20, 110] 56.41 77.35 55.06 40.98 25.79 82.87

Table 3.8: Mitigating class imbalance: Benchmark results of 3D semantic segmentation
baselines on the TS40K trained with SMOTE and IDISS preprocess.

Method Imbalance Technique | mIoU (%) | Ground | Low Vegetation | Medium Vegetation | Power Line Support Tower | Power Line
PointNet [78] 42.59 57.65 54.61 14.93 12.83 72.95
PointNet++ [79] Oversampling: 4431 64.20 57.64 14.52 12.30 72.86
RandLaNet [44] SMOTE 8.09 23.37 0 17.10 0 0
KPConv [96] 48.92 65.11 40.27 35.51 14.26 89.27
PTV1 59.65 73.52 52.30 40.97 40.16 91.32
PTV2[20, 110] 65.17 79.42 62.87 4741 43.22 92.94
PointNet [78] 23.51 48.81 37.46 0.70 0.04 30.51
PointNet++ [79] Undersampling: 30.59 55.08 53.69 10.76 1.81 31.59
RandLaNet [44] IDIS 20.86 47.06 36.77 9.86 0.00 10.62
KPConv [96] 38.13 51.08 49.15 13.22 6.30 70.92
PTV1[20,121] 47.12 66.80 58.24 21.25 15.99 73.29
PTV2[20, 110] 49.80 66.85 53.22 30.35 18.66 79.91

g < . =
2

Power Line . Power Line Support Tower . Ground . Low Vegetation . Medinm Vegetation

. Noise
Figure 3.7: Structural diversity of power line support towers in TS40K. We showcase
four distinct examples of supporting towers, each with markedly different shape and
size and point density. This diversity reflects the variability encountered in power grid
networks and highlights the challenge for machine learning models to generalize across
heterogeneous structures.

3.6.3 Diverse Structures and the Impact of Extreme Class Imbalance

In addition to label noise and spurious artifacts, TS40K presents significant structural
diversity across scenes. The dataset includes multiple types of supporting towers with
varying geometries, materials, and configurations, as illustrated in Figure 3.7. These

elements exhibit different profiles depending on voltage level, terrain, and vegetation
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context. As a result, power line support towers are both rare and highly variable, which

makes them particularly difficult to detect and segment reliably.

Although power lines and towers are similarly underrepresented in terms of point
count, segmentation and detection models consistently perform better on power lines.
This discrepancy is partially explained by shape regularity: power lines are consistently
thin, elongated, and suspended in open space, while towers are bulky, embedded in
vegetation, and structurally heterogeneous. Moreover, tower annotations often include

nearby ground or noise, which introduces additional variance.

To evaluate whether the poor tower performance is attributable to data imbalance, we
conduct two experiments. First, we train models only on samples that contain towers
and lines, and evaluate performance on both tower-inclusive and full test sets. As shown
in Table 3.7, this improves tower IoU significantly, but at the cost of generalization.
When tested on the full dataset, all models show reduced performance, especially on
vegetation classes. Second, we experiment with oversampling towers using SMOTE and
undersampling dominant classes using IDISS. Results in Table 3.8 show that SMOTE
yields modest gains, particularly in transformer-based models. In contrast, IDISS tends to
harm performance, likely because it disrupts geometric consistency across scenes. These
results indicate that imbalance alone does not fully explain poor tower recognition. The
combination of structure diversity, annotation noise, and low point count provide a more

comprehensive explanation.

3.7 Conclusion and Future Work

In this Chapter, we present TS40K, a large-scale dataset specifically designed for advanc-
ing 3D scene understanding in the context of rural electrical infrastructure. Unlike prior
benchmarks which primarily address urban or synthetic settings, TS40K captures the
complexity of real-world power-grid corridors, offering high-resolution LiDAR scans ac-
quired from UAV platforms across 40,000 kilometers of diverse rural terrain. Each sample
is densely annotated using an ontology derived from operational inspection pipelines,
enabling research in both semantic segmentation and object detection. The motivation
behind TS40K stems from the growing need to automate and scale inspection processes
over expansive transmission networks, where manual practices are costly, time-consuming,
and potentially hazardous. By enabling machine learning models to process high-density
3D data, stakeholders can reduce inspection latency, detect structural or environmental
hazards proactively, and prioritize human interventions based on algorithmic recom-
mendations. These capabilities are especially critical for mitigating wildfire risks and
minimizing service disruptions in remote areas.

We conduct extensive experiments on TS40K across two core tasks: 3D semantic
segmentation and 3D object detection using a suite of state-of-the-art baseline methods.
The results, while promising in some categories such as power line segmentation, reveal
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shortcomings in the detection of supporting towers and in the model’s robustness to
high-density noise.

Beyond its immediate experimental use, TS40K constitutes a novel benchmark for
large-scale 3D scene understanding in real-world rural environments. In contrast to highly
curated academic datasets or predominantly driving benchmarks, TS40K captures rural
infrastructure settings where structural heterogeneity, extreme class imbalance, real sensor
noise, and imperfect annotations are intrinsic properties of the data rather than controlled
artifacts. As such, this dataset provides a demanding testbed for evaluating inductive
biases, noise detection, and learning under an imperfect ground truth. Here, we highlight

several promising avenues for future work:

¢ Improving annotation quality: We explore this further in the next chapter by
proposing a hybrid post-reviewing pipeline that combines softmax-based confidence
thresholds with human inspection to refine ambiguous regions and reduce noise-

related errors.

¢ Semi-supervised and weakly supervised learning: Given the high annotation cost
and presence of mislabeled regions, future models may benefit from architectures
that can leverage unlabeled or partially labeled data, either through self-training,

teacher-student models, or contrastive representations.

¢ Uncertainty and noise modeling: TS40K presents a valuable opportunity for evalu-
ating methods that explicitly model aleatoric uncertainty, denoise spurious points,

or integrate denoising mechanisms within the learning process itself.

¢ Infrastructure-aware scene modeling: As current methods struggle with highly
variable infrastructure geometry, future work may incorporate priors about object
topology (e.g., parametric tower models) to improve detection and generalization.
We develop this idea further in Chapter 5, by introducing a white-box model that

leverages the structural properties of power line support towers to detect them.
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4

CosT-AWARE DECISION SUPPORT SYSTEM

FOR POWER GRID INSPECTIONS

This Chapter introduces a cost aware decision support system for the inspection of electrical
power grids. The work expands directly on the results presented in Chapter 3, where the
TS40K dataset was proposed and analysed. While said chapter focused on the creation of a
comprehensive benchmark for semantic segmentation and object detection in rural power
transmission scenarios, this work takes a step further by investigating how the outputs
of these models can be incorporated into a decision making system that addresses the
specific needs of inspection teams.

We begin by presenting the motivation and context for a cost aware decision support
framework for rural power grid inspections. Then, we expand on the TS40K evaluation,
focusing on performance indicators and inspection relevant classes that directly impact
decision making. Next, we introduce the workflow of the inspection tool, which combines
computer vision predictions, cost estimation, and human-in-the-loop validation. Lastly, we
develop an operational cost model, enabling us to quantify trade offs between traditional
inspections and data driven approaches.

4.1 Introduction

Ensuring the safe and efficient operation of electrical transmission and distribution systems
is a fundamental responsibility of power grid operators. Regular inspections are essential
to maintaining grid reliability by detecting structural defects, assessing collision risks,
and mitigating environmental hazards such as vegetation encroachment, structural degra-
dation, and damage caused by severe weather events, including wildfires. Traditional
inspection methods, which rely on on-site personnel or manned helicopters, are resource
intensive, costly, and time consuming, and therefore struggle to meet the efficiency and
scalability requirements of modern complex power networks.

Recent advances in unmanned aerial vehicle technology, particularly the integration of

LiDAR sensors, have transformed the way inspections can be performed. UAVs enable the
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remote acquisition of high resolution three dimensional point clouds of transmission and
distribution infrastructure, thereby reducing the need for on-site deployment. However,
while UAVs streamline data collection, the manual annotation and interpretation of these
large scale datasets remains time consuming, expensive, and susceptible to human error.
This limitation creates a unique opportunity for adopting Computer Vision (CV) strategies
to speed up labeling and automatically detect potential risks.

3D semantic segmentation methods have the potential to substantially improve in-
spection workflows by automatically identifying important actors such as towers, power
lines, and surrounding vegetation directly from LiDAR point clouds. By designing an
inspection tool powered with CV, we can improve inspection efficiency, reduce costs, and
support timely interventions. Compared to 2D image based approaches, which are widely
used for inspection tasks such as fault detection, component identification, and vegetation
encroachment monitoring, LIiDAR based methods provide a richer representation of the
scene. Two dimensional imagery is inherently limited by its dependence on favourable
weather and lighting conditions and by the absence of depth information, both of which
are critical for reliable distance estimation between vegetation and power grid elements.
The TS40K dataset, introduced in the previous chapter, was specifically developed to
address these limitations. It contains high density UAV captured three dimensional
point clouds of power grids in rural environments, with detailed annotations for essential
components. The dataset captures a diverse range of tower structures, varying terrain
conditions, and surrounding vegetation, making it highly suitable for training ML models
tailored to realistic inspection scenarios. In this chapter, we build upon the benchmark
results obtained with TS40K to develop a cost aware decision support system for power
grid inspections.

This work bridges the gap between academic research in 3D computer vision and the
operational requirements of power grid operators. We present a deployable inspection
framework that integrates transformer-based models trained on TS40K with a cost estima-
tion module. The system automates core inspection tasks such as vegetation encroachment
assessment and collision risk evaluation, while also incorporating an uncertainty-aware
review process to maintain reliability. The main contributions of this chapter are as
follows:

1. An in-depth evaluation of 3D semantic segmentation approaches tailored for power
grid inspection tasks, highlighting practical advantages and deployment considera-
tions.

2. An extensive benchmarking analysis using the TS40K dataset, leveraging features
such as surface normals and color information to reflect real-world inspection re-

quirements.

3. An inspection pipeline that combines 3D computer vision outputs with a man-

ual uncertainty-aware validation step, ensuring both efficiency and reliability in
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operational settings.

4.2 Benchmark Results on TS40K

This section provides a comprehensive overview of benchmarking results on the TS40K
dataset. We begin by detailing the evaluation metrics used to assess model performance.
Next, we present baseline results for state-of-the-art 3D semantic segmentation models
under various training configurations. Then, we explore the use of normal vectors and RGB
information, comparing their effects on model performance and discussing implications

for deployment inspection scenarios.

4.2.1 Evaluation Metrics

A rigorous evaluation protocol is essential for assessing the suitability of computer vision
models for power grid inspections. In this work, we adopt evaluation metrics that not only
measure predictive performance but also reflect the practical implications of errors when
deployed in inspection workflows. The chosen metrics are computed per class and then
aggregated, allowing us to highlight performance trends for critical inspection targets

such as supporting towers and power lines.

4.2.1.1 Confusion Matrix and Operational Implications

The confusion matrix is a fundamental tool in semantic segmentation evaluation. It
organises the predictions of a model into four categories that quantify both correct and
incorrect classifications:

¢ True Positives (TP) — points correctly predicted as belonging to a given class. In
the context of inspections, high TP values for towers and power lines indicate that
the model effectively detects these components, ensuring that critical infrastructure

is properly monitored.

¢ False Positives (FP) — points incorrectly assigned to a class they do not belong
to. For example, misclassifying vegetation as a power line can trigger unnecessary

maintenance interventions, increasing operational costs and diverting resources.

¢ False Negatives (FN) — points belonging to a class that the model fails to identify.
FN errors are particularly critical for inspections, as they can result in undetected
vegetation encroachment or structural defects, potentially leading to outages or

safety hazards.

* True Negatives (TN) — points correctly identified as not belonging to the class
of interest. Although not the primary focus in semantic segmentation, TN values
contribute to overall accuracy.
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From an operational perspective, FP errors tend to degrade efficiency, while FN errors
directly compromise safety. The TS40K dataset’s combination of noisy labels, dense noise
artifacts, and structural diversity in towers makes both FP and FN mitigation challenging.
Therefore, a balanced interpretation of these metrics is necessary when selecting models

for deployment.

4.2.1.2 Intersection over Union (IoU) and Mean IoU

Intersection over Union (IoU) is the standard metric for evaluating semantic segmentation.

It is defined for a given class c as:

TP,
TP, +FP. +FN,’

where TP, FP.,and FN,. represent the true positives, false positives, and false negatives

ToU, = (4.1)

for class c. The mean IoU (mloU) averages this value over all C classes:

C
1
mloU = = ; ToU.. (4.2)

mloU provides a global performance measure, but in inspection scenarios, high per-
class IoU for towers and power lines is often more important than the overall mIoU score.
This metric is the established benchmark for comparing state-of-the-art 3D semantic
segmentation models in the literature, and as such, it will also serve as the primary metric

for comparing the different models evaluated in our TS40K experiments.

4.2.1.3 Fj Score and its Role in Inspection Scenarios

The Fg score is an alternative evaluation metric that combines precision and recall into a

single measure, allowing different weightings between the two. It is defined as:

Precision - Recall
(B% - Precision) + Recall’

where Precision measures the proportion of correctly identified positive points out of

Fp=(1+p%)- (4.3)

all predicted positives, and Recall measures the proportion of correctly identified positive
points out of all actual positives.

The parameter  controls the trade-off:

* B =1(F) gives equal weight to precision and recall, suitable for balanced inspection
objectives.

* 3> 1 (e.g., Fy) prioritises recall, reducing FN errors and minimising the chance of

missing critical defects.

* 3 <1 (e.g., Fos) prioritises precision, reducing FP errors and avoiding unnecessary

maintenance actions.
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In operational terms, F, is ideal for safety-critical scenarios, such as detecting faults
in towers where missing an issue could have severe consequences. F5 is appropriate
for cost-sensitive situations, such as vegetation clearance planning, where false alarms
would waste resources. The ability to select an appropriate § value enables the inspection

pipeline to be tuned to the specific priorities of a maintenance campaign.

4.2.2 Baseline Benchmarking on TS40K

This section presents the performance of state-of-the-art 3D semantic segmentation base-
lines on the TS40K dataset under a variety of training configurations. Given the dataset’s
unique challenges: noisy labels, high-density noise points, and a diverse set of tower
structures, our benchmarking emphasises the impact of different training strategies. We
focus particularly on segmentation performance for supporting towers and power lines,

as these elements are the most critical for power grid inspection tasks.

4.2.2.1 Weighted Training to Prioritize Towers and Power Lines

Supporting towers and power lines constitute a relatively small proportion of points in
TS40K, making them underrepresented compared to dominant classes such as ground
or vegetation. To address this imbalance, we apply a class-weighted loss function that
increases the relative contribution of these critical classes during training. The aim is to

improve per-class Intersection over Union (IoU) for towers and power lines.

It is important to note that the results reported in Table 3.4 for TS40K are higher than
those presented here. In that earlier benchmarking, noise points were ignored during both
training and evaluation, a common practice in machine learning benchmarks. While this
approach simplifies the evaluation process, it is not suitable for the TS40K dataset because
noise points form a substantial and challenging component of the data. Ignoring them
leads to overly optimistic results that are not representative of real inspection conditions.
For a realistic operational assessment in the same conditions as Table 3.4, we report
in Table 4.1 results where noise points are excluded during training but included in

evaluation.

Table 4.1: Benchmark results of 3D semantic segmentation baselines on the TS40K test set
using a weighting scheme to prioritise underrepresented classes. Noise is ignored during
training but considered in evaluation. All values are reported in percentages (%).

Model Mean IoU | Noise Ground Low Veg Med Veg Tower Power Line
PTV3[20, 111] 58.58 — 76.13 64.11 48.37 51.12 53.16
PTV2[20, 110] 57.12 — 80.65 67.29 46.39 43.00 48.29
PTV1 [20, 121] 56.07 — 78.08 62.28 42.93 47.36 49.70
KPConv [96] 43.86 — 64.95 39.31 31.87 32.49 50.69
PointNet++ [79] 50.61 — 66.90 59.61 17.96 28.86 79.72
PointNet [78] 42.67 — 58.66 53.50 16.43 11.53 73.24
RandLaNet [44] 6.52 — 16.73 0.00 15.89 0.00 0.00
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Table 4.1 shows that transformer-based architectures (PTV1-PTV3) achieve the highest
mean IoU, with PTV3 reaching 58.58%. Interestingly, while PointNet++ attains the highest
power line IoU (79.72%), it performs substantially worse in tower detection. From an
inspection perspective, this trade-off is not ideal: a model optimised for power line
detection but weak in tower detection limits its usefulness and may lead to missed

structural issues during inspections.

4.2.2.2 Noise Detection and Its Impact on Performance

Noise points in TS40K are often misclassified as towers or power lines due to similarities
in point distribution and height. Given their high density, such misclassifications can
severely reduce operational efficiency by triggering false inspection alerts. Given that
noise points are more frequent than actual power grid elements and that they are often
misclassified as towers or power lines, we train models to explicitly detect noise as a
separate class, aiming to improve the discrimination between actual infrastructure and
sensor artifacts.

Table 4.2: Benchmark results of 3D semantic segmentation baselines on the TS40K test set

with noise detection included as a separate class. We report mean IoU and per-class IoU
values. All values are reported in %.

Model Mean IoU | Noise Ground Low Veg Med Veg Tower Power Line
PTV3 [20, 111] 63.55 59.23  70.77 50.47 43.86 61.42 95.53
PTV2[20, 110] 68.29 61.16  80.13 68.17 51.39 54.48 94.43
PTV1[20, 121] 64.90 5750  77.33 60.34 46.51 54.19 93.54
KPConv [96] 52.77 57.02 6475 37.12 34.63 37.36 89.99
PointNet++ [79] 45.99 59.27  59.99 54.36 14.55 22.61 78.41
PointNet [78] 30.01 4936  54.52 46.00 14.23 0.00 35.28
RandLaNet [44] 6.50 7.91 0.00 0.00 21.58 0.00 10.92

As shown in Table 4.2, noise detection yields substantial improvements for power grid
elements, particularly in transformer-based models. For example, PTV3 achieves an IoU
of 95.53% for power lines, a gain of 42.3% compared to the baseline in Table 4.1. This
demonstrates that noise detection is crucial in the TS40K dataset, as it forces models to
learn to distinguish between noise and actual power grid components, thereby improving

the overall segmentation performance.

4.2.2.3 Removing Ground Points for Operational Relevance

In operational practice, many inspection workflows remove ground points before analysis,
as these do not typically require inspection and constitute the majority of the dataset. In
TS40K, ground points account for over 55% of all points. Removing them allows models
to allocate computational and representational capacity to more relevant classes.

Table 4.3 demonstrates that removing ground points results in noticeable gains in IoU
for key inspection classes, with PTV3 reaching 96.25% for power lines and 65.05% for
towers, which represent gains of 0.72% and 13.93% respectively compared to the baseline in
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Table 4.3: Benchmark results of 3D semantic segmentation baselines on the TS40K test set
with the ground class removed during training. We report mean IoU and per-class IoU
values. All values are reported in %.

Model Mean IoU | Noise Ground Low Veg Med Veg Tower Power Line
PTV3[20, 111] 67.46 64.67 — 64.24 47.08 65.05 96.25
PTV2[20, 110] 72.86 70.89 — 76.86 59.01 61.69 95.83
PTV1 [20, 121] 67.89 58.25 — 74.28 54.69 57.15 95.07
KPConv [96] 47.31 61.44 — 59.03 42.13 42.73 92.64
PointNet++ [79] 42.72 61.35 — 76.08 27.94 25.88 83.70
PointNet [78] 36.68 49.32 — 45.74 19.78 8.57 45.69
RandLaNet [44] 7.25 7.63 — 3.41 19.26 0.00 12.04

Table 4.2. In the development of a decision-support system for inspections, this approach
is particularly relevant, as it allows the model to focus on the most critical components of
the power grid and reduces the computational burden associated with processing large
amounts of irrelevant data.

4.2.2.4 Qualitative Analysis of Segmentation Outputs

Figure 4.1 illustrates the qualitative performance of PTV3. The segmentation outputs show
that PTV3 is able to accurately delineate towers and power lines, even in the presence of
noise artifacts and complex vegetation. Notably, noise points are now effectively separated
from genuine power grid elements, whereas previously they would have been misclassified
as such. This clear distinction prevents false alarms and ensures that inspection resources

are focused on actual infrastructure rather than sensor artifacts.

4.2.3 Semantic Segmentation on TS40K with Normal Vectors

Normal vectors, which represent the orientation of surface elements in three dimensional
space, are a commonly used feature in three dimensional semantic segmentation. They
provide geometric context that can help a model differentiate between flat horizontal
surfaces. In principle, this additional geometric information can improve the delineation
of object boundaries and enhance the recognition of classes with distinctive geometric
profiles.

Table 4.4: Benchmark results of three dimensional semantic segmentation baselines on
the TS40K test set when incorporating normal vectors as additional input features. All
values are reported in percentages (%).

Model Mean IoU | Noise Ground Low Veg Med Veg Tower Power Line
PTV3[20, 111] 64.00 59.21 70.55 53.18 44.27 61.16 95.65
PTV2 [20, 110] 66.77 62.62 7820 61.66 47.28 56.36 94.51
PTV1 [20, 121] 67.75 6127  79.14 65.05 49.69 56.69 94.68
KPConv [96] 55.95 5648  67.06 42.08 36.89 42.08 91.65
PointNet++ [79] 48.32 60.38  60.17 55.14 16.04 30.02 80.23
PointNet [78] 39.84 51.83  56.54 48.32 20.39 9.34 52.62
RandLaNet [44] 8.17 9.23 0.31 4.65 13.42 1.05 10.46
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TR I A L s e

(a) Ground Truth (b) PTV3 Prediction
. Noise . Power Line . Power Line Support Tower . Ground . Low Vegetation . Medinm Vegetation

Figure 4.1: Qualitative results of Point Transformer V3 (PTV3) on TS40K. While not the
top performer in mean IoU, PTV3 achieves the highest segmentation accuracy for towers
and power lines, making it well-suited for operational scenarios prioritising these classes.

We evaluate the impact of adding normal vectors to the feature set for all baseline
models, keeping the training configuration otherwise identical to the noise detection
setting. This ensures that differences in performance can be attributed primarily to the
inclusion of normal vectors. To ensure a fair assessment of model performance, we compare
results with Table 4.2, which includes the ground class. While removing ground points
(as in Table 4.3) serves as a proof of concept that such filtering can boost performance,
it does not provide a complete picture of model capabilities across all classes present in
the dataset. For benchmarking different segmentation models, we consider all annotated
classes so that results reflect the full complexity of TS40K.

Asshown in Table 4.4, the inclusion of normal vectors yields only modest improvements
over the noise detection baseline in Table 4.2. For example, PTV1 improves from 64.90%
to 67.75% mean IoU, while PTV3 increases from 63.55% to 64.00%. These gains are not
consistent across all models, with some methods showing negligible differences. A key
observation is that transformer based architectures maintain their lead over other baselines
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regardless of whether normal vectors are used. This suggests that normal vectors have
minimal impact on model performance, as there are no major differences when compared
to evaluations without them. When comparing the results in Table 4.4 to those in Table 4.2,
it becomes clear that normal vectors do not help with performance in the TS40K dataset.
They provide indirect cues that may help in specific cases but do not reliably improve

discrimination between noise and fine structural elements.

4.2.4 Extended Evaluation on TS-RGB

4.2.4.1 Dataset Description and Differences from TS40K

Figure 4.2: TS-RGB Dataset Visualization. TS-RGB is an augmented version of the TS40K
dataset, incorporating RGB channels to improve 3D semantic segmentation in power
grid environments. Covering approximately 8,000 kilometers of transmission network,
it includes over 1,295 million points collected using LiDAR sensors. Ground points are
automatically removed by heuristics and annotations exclude differentiation between low
and medium vegetation.

The TS-RGB dataset is an augmented variation of TS40K, enriched with RGB colour
information for each point in the LiDAR point cloud. It covers approximately eight
thousand kilometres of rural transmission network and contains more than one billion two
hundred and ninety five million points. While it shares the same transmission corridors as
TS40K, the data in TS-RGB were collected using a more advanced LiDAR sensor, resulting
in substantially higher point density. This higher density has the potential to improve
the detection of thin structures such as power lines, although it also increases the volume
of data to process. Several differences in annotation practice distinguish TS-RGB from
TS40K. Ground points are automatically removed using well established heuristic filters
that are routinely applied in operational inspections. Furthermore, the dataset does not
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distinguish between low and medium vegetation, merging them into a single vegetation
class. These differences mean that TS-RGB more closely resembles the data that would be

processed in an actual utility company pipeline after initial pre-processing.

4.2.4.2 Performance without RGB Information

To establish a baseline, we first train models on TS-RGB using only point coordinates,
without incorporating the RGB channels. This setting allows direct comparison with

TS40K, since it mirrors the feature space used in the earlier experiments.

Table 4.5: Benchmark results of three dimensional semantic segmentation baselines on the
TS-RGB test set using only point coordinates. All values are reported in percentages (%).

Model Mean IoU | Noise Vegetation Tower Power Line
PTV3 [20, 111] 59.15 29.24 91.48 38.14 77.72
PTV2 [20, 110] 59.65 31.07 91.75 38.45 77.34
PTV1 [20, 121] 58.28 31.25 92.77 31.36 77.75
KPConv [96] 49.12 19.83 87.09 21.94 68.34
PointNet++ [79] 43.02 51.58 14.89 28.03 62.04
PointNet [78] 36.59 45.57 17.63 8.59 40.80
RandLaNet [44] 7.01 8.57 11.62 1.28 9.27

As shown in Table 4.5, transformer based models again achieve the highest mean
IoU scores, with PTV2 slightly outperforming the others at 59.65%. The vegetation class
benefits the most from the increased point density, reaching over 92% IoU for PTV1.
However, tower and power line segmentation performance is somewhat lower than in
TS40K, likely due to the dominance of the vegetation class which constitutes the vast
majority of points in the dataset. Figure 4.3 provides a qualitative illustration of PTV2’s

segmentation results on TS-RGB.

4.2.4.3 Impact of Adding RGB Channels

We next investigate the effect of incorporating RGB channels alongside the coordinate
features.

The results in Table 4.6 show that RGB channels provide only marginal improvements
in mean IoU. For example, PTV3 improves from 59.15% to 59.34%, with the largest gains
observed in vegetation segmentation. This limited impact is likely due to the lack of strong
colour contrast between vegetation and infrastructure elements, which often share similar

tones in aerial imagery.

4.2.4.4 Impact of RGB and Normal Vectors Combined

Finally, we evaluate the effect of combining RGB channels with normal vectors. Table 4.7

shows that combining RGB with normal vectors does not yield consistent performance

67



CHAPTER 4. COST-AWARE DECISION SUPPORT SYSTEM FOR POWER GRID
INSPECTIONS

Table 4.6: Benchmark results of three dimensional semantic segmentation baselines on the
TS-RGB test set with RGB channels included. All values are reported in percentages (%).

Model Mean IoU | Noise Vegetation Tower Power Line
PTV3 [20, 111] 59.34 29.51 92.17 38.21 77.45
PTV2[20, 110] 51.09 26.78 90.88 13.97 72.74
PTV1 [20, 121] 52.27 28.84 91.48 18.45 70.30
KPConv [96] 50.81 20.35 89.31 22.85 70.73
PointNet++ [79] 43.01 53.78 14.31 26.84 61.60
PointNet [78] 35.42 46.15 18.16 8.31 40.47
RandLaNet [44] 7.25 8.20 11.84 0.98 9.32

Table 4.7: Benchmark results of three dimensional semantic segmentation baselines on the
TS-RGB test set with RGB channels and normal vectors included. All values are reported
in percentages (%).

Model Mean IoU | Noise Vegetation Tower Power Line
PTV3 [20, 111] 57.97 29.02 92.71 33.56 76.58
PTV2[20, 110] 54.25 28.65 91.42 23.65 73.29
PTV1 [20, 121] 59.27 31.47 91.57 34.99 79.06
KPConv [96] 52.45 22.10 91.23 30.75 65.71
PointNet++ [79] 41.03 55.32 13.50 29.01 60.25
PointNet [78] 37.02 45.08 17.05 9.52 41.58
RandLaNet [44] 8.05 7.89 12.53 1.54 8.86

improvements. While PTV1 achieves the highest mean IoU at 59.27%, other models see
little change or even a decrease compared to the RGB only configuration. This suggests
that in the TS-RGB setting, geometric and colour features provide overlapping rather than
complementary information.

4.2.4.5 Operational Relevance of RGB Data in Inspection Tasks

From an operational perspective, the results indicate that RGB data offer limited benefits
for discriminating between vegetation and infrastructure in the TS-RGB dataset. The
colour similarity between classes reduces the discriminative power of RGB channels.
Consequently, the primary advantage of TS-RGB over TS40K lies in its higher point
density and lack of ground points rather than the addition of colour information.

4.2.5 Analysis and Key Findings

Across all experiments on TS40K and TS-RGB, transformer based architectures consis-
tently achieve the highest mIoU scores and the most balanced performance across classes.
PTV3 and PTV2 are the strongest performers, with PTV3 excelling in tower and power
line segmentation and PTV2 achieving slightly higher overall mloU in certain configu-

rations. Explicit noise detection improves performance by addressing the high density
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(a) Ground Truth (b) PTV2 Prediction
. Noise . Power Line . Power Line Support Tower . Medium Vegetation

Figure 4.3: Qualitative results of Point Transformer V2 (PTV2) [110] on the TS-RGB
dataset. We use only point coordinates as input features, without RGB or normal vectors.
PTV2 achieves the highest mean IoU on TS-RGB, demonstrating strong performance
in tower and power line segmentation. The model effectively distinguishes between
vegetation and infrastructure, although some misclassifications occur in complex scenes.

noise in TS40K. Removing ground points during training also benefits performance on
inspection elements. The inclusion of normal vectors yields only modest gains compared
to noise detection, and in TS-RGB, RGB channels provide limited improvement, mostly for
vegetation segmentation. Combining RGB and normal vectors does not lead to consistent
benefits. From an operational standpoint, transformer based models with explicit noise
detection and class weighting are the most effective choice for reliable detection of towers
and power lines.
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4.3 Inspection Tool for Power Grid Segmentation

The inspection tool is implemented as a functional Python application with a graphical
user interface, developed to allow maintenance personnel to interact with advanced 3D
semantic segmentation models without the need for programming expertise. The primary
purpose of the tool is to integrate trained segmentation models into a workflow that
can process LiDAR point clouds of transmission networks and produce outputs that
are directly actionable for inspection and maintenance planning. Figure 4.4 shows the
graphical user interface of the inspection tool, illustrating its main features and user
interaction options. The interface enables users to load LiDAR datasets, execute the
segmentation pipeline and export annotated point clouds. By embedding the processing
logic in a user friendly interface, the tool bridges the gap between machine learning
models and its use by non-experts.

The workflow of the tool follows a structured pipeline that ensures computational
efficiency and compatibility with operational requirements. It consists of the following
stages:

Point cloud partition: With no labels, we cannot partition the point cloud in sample
types as described in TS40K. Instead, we segment the input point cloud into manageable
segments based on spatial proximity. Each segment is approximately 50 meters long,
which corresponds to the average distance between transmission towers in rural networks.
This segmentation allows for batch processing and ensures that the system can handle
large datasets even with limited GPU memory.

Preprocessing with Farthest Point Sampling: Within each segment, Farthest Point
Sampling (FPS) is applied to reduce the point set to a fixed size of one hundred thousand
points. Not only is this preprocessing step also part of the TS40K pipeline, but it is also
crucial for ensuring that the model can operate efficiently on high density LiDAR data.
FPS selects points that are well distributed across the segment, preserving the geometric
structure while reducing computational load.

Prediction: The reduced segments are then processed by a trained 3D semantic seg-
mentation model, which produces a predicted class label for each point along with a
probability distribution over all classes. These probabilities are used both for assigning
labels and for quantifying the model’s confidence in its predictions.

Reconstruction: The labelled segments are merged to reconstruct the complete anno-
tated point cloud. This reconstruction maintains sufficient density for reliable inspection
while remaining compact enough for storage and further analysis.

Low confidence review (Optional): After reconstruction, the tool identifies points
with low confidence scores based on the softmax distribution of the segmentation model.
These points are flagged for manual review, allowing inspectors to focus on areas where
the model’s predictions are uncertain. This step is optional and can be skipped if the user
prefers to review all points.

Automatic risk assessment (Optional): The final stage of the pipeline is dedicated to
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evaluating vegetation encroachment risks in proximity to power grid elements. For each
tower or power line point, a ball radius neighborhood is defined, with the safety distance
serving as its radius. All vegetation points within this neighborhood are identified as
potential risks. If any points are present, the tool then verifies whether these points are
genuine vegetation or artifacts of misclassification. This verification is performed in two steps:
first, a clustering technique (namely, DBSCAN) is applied to group vegetation points
into clusters, even those outside the immediate neighborhood. Clusters that exceed a
minimum size threshold are considered indicative of true vegetation encroachment and
automatically flagged for further action, such as scheduling maintenance or issuing alerts.
For clusters below the threshold, the tool leverages the model’s confidence scores. High-
confidence vegetation points, even if isolated, are flagged for manual review to ensure
that potentially hazardous cases are not overlooked. Conversely, low-confidence points
are disregarded, as they are likely to be false positives resulting from model uncertainty
or sensor noise. This post-processing step is designed to balance operational efficiency
and safety: it reduces the number of false alarms that would otherwise burden inspection
teams, while maintaining high recall for actual hazards. The risk assessment module is
fully optional and can be bypassed for workflows that prefer manual evaluation.

Tool’s output: The output of the inspection tool is a reconstructed point cloud in LAS
format, which includes an additional column for the predicted class labels. The output file
retains the original filename with a _segmented suffix, saved in the same directory. The
tool also provides a progress bar to indicate the status of the processing pipeline, ensuring

transparency and user feedback during long-running operations.

File Processor N X

Drag and drap files ar directories here

Drone Data: OFF |

Select Direstory for Processing ‘

Figure 4.4: Graphical user interface of the inspection tool. Users can drop files or select
a folder containing .1las point cloud files for processing. The progress bar indicates the
current status of the pipeline. Once finalized, a . 1as file is produced with the same name,
only with a _segmented suffix added and an additional column with the segmentation
results named classification. The "Drone Data" toggle allows users to specify whether
the input corresponds to TS40K (helicopter-mounted LiDAR) or TS-RGB (UAV-captured
LiDAR).
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4.3.1 Performance Requirements for Power Grid Inspection

Automated inspection systems for transmission networks should be evaluated against
criteria that reflect operational priorities, not only generic benchmark metrics. In the
context of power grid safety, the relative costs of false negatives and false positives are
highly asymmetric. A missed detection of ahazard can escalate into power outages, failures,
or wildfires, with potentially severe financial, environmental, and safety consequences.
In contrast, a false alarm may lead to unnecessary dispatch or on-site verification, which
carries an operational cost but rarely causes critical harm. For this reason, the evaluation of
segmentation models in this domain places greater emphasis on recall than on precision.
The Fg score, by definition, provides a way to control this emphasis. In this work, we
set p = 2, doubling the weight of recall relative to precision. This choice reflects the
operational requirement to minimise false negatives even if it results in a higher incidence
of false positives.

While the Intersection-over-Union (IoU) metric remains the staple for comparing
state-of-the-art models in 3D semantic segmentation and is used extensively in our TS40K
benchmarking, the F score is more aligned with deployment evaluation because it directly
penalises missed detections in critical classes. In other words, a model with slightly lower
IoU but significantly higher F; in the tower and power line classes may be preferable
for inspection operations. Table 4.8 reports the F; scores of our best-performing model,
Point Transformer V3, trained on the TS40K dataset. The model attains 87.37% for towers
and 96.05% for power lines, which comfortably meets the requirements for reliable grid
inspection set by Labelec and EDP of 85% performance in power grid elements.

Table 4.8: F, scores for the performance of Point Transformer V3 (PTV3) on the TS40K
dataset. The model shows high sensitivity in the most critical power grid classes.

Class TS40K F> Score (%)
Noise 63.85
Ground 70.28
Low Vegetation 51.89
Medium Vegetation 71.82
Tower 87.37
Power Line 96.05

4.3.2 System Design

The deployment of a machine learning assisted power grid inspection system requires
more than high benchmark performance. To be viable in the field, the system must be
computationally efficient, robust to the variability of real-world conditions, and seam-
lessly integrated with existing utility workflows. Our design addresses each of these
requirements explicitly.

Processing efficiency and scalability. LiDAR point clouds from unmanned aerial vehi-

cle surveys are inherently high-density, often containing millions of points per kilometre.
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Direct processing of such datasets can exceed the memory and runtime limits of even
high-end GPUs, particularly when using transformer-based architectures. To ensure scal-
ability, our pipeline begins by partitioning the inspection corridor into contiguous spatial
segments. Each segment is further reduced to a fixed point budget through Farthest Point
Sampling (FPS), which preserves the global spatial distribution of points while discarding
redundancies. The inference engine is optimised for GPU execution, allowing large-scale
corridors to be processed in near real time.

Robustness under varying environmental conditions. Although LiDAR data are
resilient to changes in lighting and to some extent weather, they remain susceptible to
artifacts such as atmospheric scattering. Our system is enhanced by an uncertainty-aware
evaluation stage: each point receives a softmax confidence score from the segmenta-
tion model, and low-confidence predictions are flagged for further manual review. By
concentrating human oversight on ambiguous cases, this mechanism ensures that the
automated system operates autonomously for the majority of high-confidence cases while
still capturing edge cases that require expert judgment.

Operational integration. For effective adoption by utility companies, inspection out-
puts must integrate smoothly with existing asset management workflows, which are typi-
cally built around Geographic Information System (GIS) platforms. Our system exports
annotated point clouds in standard .las format, ensuring compatibility with industry-
standard GIS tools for visualization and analysis. This enables operators to incorporate
inspection results directly into their infrastructure monitoring processes, streamlining
maintenance planning and decision-making. Additionally, the system is designed for
scalability and efficient processing. Large-scale datasets can be handled via cloud-based
infrastructure for batch processing, while edge computing solutions enable fast, on-site

inference for immediate inspections.

4.3.3 Operational Costs

This analysis focuses strictly on the costs that are directly affected by the transition from
fully manual inspections to machine learning assisted inspections. We therefore exclude
expenses that do not change across the two regimes, such as fixed platform acquisition or
routine data storage that is common to both. The goal is to isolate the drivers of cost to
quantify how they evolve when inspection work shifts from manual segmentation to ML
assisted.

Scope and normalization. We model three cost components that are impacted by the
shift to machine learning assisted inspections. The first is labour, measured as hours per
kilometre of corridor that require technician time. The second and third components
are the operational consequences of false positives and false negatives. False positives
consume resources because they trigger unnecessary follow up actions. False negatives
carry risk because they represent missed hazards that can escalate to outages or even

wildfires. To enable a uniform and interpretable formulation, we express all costs in units
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of labour cost per hour C,,. The cost of a false positive is written as Crp = aCp, and the cost
of a false negative as Cry = fC,, where a and § are multipliers that express the impact of
each error relative to one hour of labour.

Cost model per kilometre. For a corridor length of x kilometres, with H labour hours
per kilometre, a false positives per kilometre, and b false negatives per kilometre, the total
cost is

C = xC,H + aaCy + bpCy. (4.4)

Dividing by C, yields a normalized cost,
C=—=xH+aa + bp, (4.5)

which makes comparisons independent of the absolute wage rate. Machine learning

assisted inspections are economically favourable when
CM < CT — x(HT —Hy) > a(aM - IZT) + ‘B(bM - bT). (4.6)

The quantities (ay, ba) and (at, br) are the expected false positives and false negatives
per kilometre for machine learning assisted and manual inspections respectively. The
values Hys and Hr are the average labour hours per kilometre for machine learning assisted
and manual inspections respectively. Thus, this inequality expresses a breakeven. The left
hand side is the labour time saved by automation, and the right hand side is the change in
error driven costs, weighted by their operational impact. The values (ar, br) are set to zero
for manual inspections, assuming perfect accuracy. The values (ay, by) are estimated
from the model performance on a validation set, while Hy; is measured from the model
inference time and the uncertainty aware review mechanism. The value Hr is estimated
from historical operator records of manual inspection times.

Decomposing labour under automation. The labour term for machine learning as-

sisted operation can be written as
Hy = Hijo + Hing + vS |y, (4.7)

where Hj, is the time required for data loading and export per kilometre, Hjy¢ is the model
inference time per kilometre, S is the number of analysis segments per kilometre, #, is the
average manual review time per flagged segment, and v is the fraction of segments flagged
for review by the uncertainty mechanism. The uncertainty-aware review mechanism flags
segments for manual inspection based on model confidence scores. The parameter v
quantifies the proportion of segments requiring manual review, which is determined
by the uncertainty thresholds set during deployment. Stricter thresholds decrease false
negatives (byr) but increase v, leading to more manual reviews; relaxed thresholds reduce
v but may increase by.

With operational values. Using results from the TS40K evaluation of the F, optimised
Point Transformer V3, we consider Hy; = 0.00026 hours per kilometre, ay; = 17.6 false
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Figure 4.5: Region in the (a, f) cost space where machine learning assisted inspection
is more cost effective than traditional manual inspection. The shaded area corresponds
to cost configurations for which automation yields lower dimensionless operational cost
C. The breakeven line is given by 0.79974 = 17.6 & + 0.0036 8 for the one kilometre case
considered in this study.

positives per kilometre, and by; = 0.0036 false negatives per kilometre. Based on operator
records, manual inspections require on average Hr = 0.8 hours per kilometre. For a
conservative baseline, we assume perfect manual accuracy with ar = 0 and br = 0. For

x = 1 kilometre, the inequality (4.6) becomes
0.79974 > 17.6a + 0.0036 8, 4.8)

since Hr —Hp = 0.8 —0.00026 = 0.79974. Equation (4.8) defines a region in the («, f) space
that characterises the region where machine learning assisted inspection is economically
favourable. The corresponding region is illustrated in Fig. 4.5.

The coefficients in (4.8) show how much each type of error affects cost. In our case,
false positives are more common, but false negatives (missed hazards) are much more
expensive. If the penalty for missed hazards increases, the region where automation is
cost-effective becomes smaller, so the system should focus on reducing false negatives. If
the process is improved to reduce false positives, automation becomes more economically
viable.

Estimating a and $ from operations. Although we take a conservative approach by
assuming perfect accuracy for traditional inspections (ar = 0, br = 0), in practice, real
values for false positives and false negatives can be retrieved from historical inspection
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records. For instance, if records indicate any missed hazards, the value of § can be set
to the average cost of a missed hazard relative to one hour of labour. Thus, power grid
operators may assess the potential savings from machine learning assisted inspections
by estimating the values of @ and f based on their data. This allows them to determine
whether the cost of implementing such a system is justified by the expected reduction
in operational costs. On the other hand, the automatic risk assessment module can be
disabled so that the system produces annotated point clouds without any risk assessment.
This mode is particularly useful for generating annotated datasets for manual review,
where human operators can inspect the results and make decisions based on the model’s
predictions. In this case, the values of a and  are not relevant, as the model is used to

assist human operators rather than automate their work.

4.4 Conclusion and Future Work

This work has demonstrated the potential of 3D semantic segmentation to transform the
way power grid inspections are conducted. By building on the TS40K dataset introduced
in the previous chapter, we evaluated a range of state-of-the-art segmentation models
under specific settings. Our benchmarking showed that transformer-based architectures,
particularly Point Transformer V3, achieve both high IoU for model comparison and high
F; scores for operational relevance, with recall exceeding 87% for towers and 96% for
power lines.

We translated these benchmarking results into a deployable inspection tool for mainte-
nance personnel, integrating GPU-accelerated segmentation, uncertainty-aware flagging,
and optional automated risk assessment. A cost analysis framework, based on opera-
tional data from Labelec and EDP, quantifies the trade-offs between labour savings and
error-driven costs in machine learning-assisted inspections.

While results are promising, further validation is needed. Robustness should be
tested on additional datasets with varied sensors, vegetation, and infrastructure. The
cost model could be refined by incorporating dynamic factors such as seasonal penalties
and evolving error rates. Future directions for this work could focus on three areas: (1)
field validation of the tool in live utility operations, (2) multimodal fusion of LiDAR with
RGB or thermal imagery for improved detection, and (3) extending cost-benefit analysis to
include predictive maintenance value. These steps will support the safe and cost-effective
adoption of machine learning-assisted inspections, enhancing reliability and resilience in

power systems.
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SCeENE-NET: ADVANCING POLE SEMANTIC
SEGMENTATION WITH GENEOs rorR POWER

GRID INSPECTIONS

This chapter presents SCENE-Net, an intrinsically interpretable approach to semantic
segmentation of supporting towers in power grid inspections. Our model encodes geomet-
ric inductive biases that can fully describe pole-like objects through Group Equivariant
Non-Expansive Operators (GENEOs) and learns a small number of meaningful shape pa-
rameters that control their representation. The methodology builds upon the foundations
established in our earlier work during the master’s thesis [53], where the initial formulation
of GENEO-based observers for power grid inspection was introduced. In the present
chapter, we extend and refine these ideas, substantially improving performance and pro-
viding a broader experimental setting. We evaluate SCENE-Net in terms of interpretability,
performance, and robustness, and contextualize our contributions within the broader field
of 3D semantic segmentation. This work has been published as “SCENE-Net: Geometric
Induction for Interpretable and Low-Resource 3D Pole Detection with Group-Equivariant Non-
Expansive Operators” in the “Computer Vision and Image Understanding” (CVIU) journal [52].
The chapter is structured as follows: (1) we introduce the motivation and contributions of
SCENE-Net, (2) we detail the methodology including GENEOs and their role as inductive
biases, (3) we describe the experimental setup using the TS40K dataset, (4) we present
results and analysis on interpretability, performance, and robustness, (5) we discuss the
implications for industrial deployment, and (6) we conclude with a summary and future
work directions.

5.1 Introduction

The TS40K dataset, introduced in Chapter 3, offers over 40,000 km of high-resolution rural
electrical transmission systems for 3D scene understanding in inspection scenarios. While
state-of-the-art point cloud segmentation models achieve an overall strong performance

on this dataset, detecting supporting towers remains a crucial challenge that we must
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(c) Baseline Convolutional
Neural Network (CNN) Pre-
(a) TS40K Sample (b) SCENE-Net Prediction diction
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Figure 5.1: Qualitative comparison of tower segmentation on TS40K. (a) Input point
cloud from the TS40K dataset voxelized and processed by an occupancy function. (b)
SCENE-Net prediction: our intrinsically interpretable model, with only 11 geometric
parameters, accurately segments the supporting tower while suppressing false positives
in vegetation. (c) Baseline CNN prediction: a conventional CNN with 2190 parameters
produces significant false positives in the vegetation region. The color code for semantic
classes is shown below. Note: ground and power lines are mislabeled in the ground truth
for this sample.

overcome in order to ensure reliable and efficient inspections. These structures exhibit
large variability in design, height, and material, plus are often represented by a sparse
set of points. As a result, even state-of-the-art models such as PointTransformer V3
(PTV3) [111], with more than 46 million parameters, fail to achieve consistently high
Intersection-over-Union (IoU) scores for the tower class.

We argue that this difficulty stems from the absence of explicit geometric reasoning
in conventional black-box models. While such networks can implicitly learn relevant
structural patterns, doing so requires significant capacity and data, and still leaves gaps
in generalization to rare or unusual tower configurations. In contrast, towers possess a set
of recurring geometric traits that are invariant across the diversity found in TS40K: verti-
cality, elongated cylindrical bodies, and intersections with power lines. To exploit these
regularities, we introduce SCENE-Net, a white-box voxel-based 3D segmentation archi-
tecture that encodes geometric inductive biases directly into its convolutional kernels using
Group Equivariant Non-Expansive Operators (GENEOs). Each GENEO acts as a functional
observer tuned to a specific primitive relevant to the structure of towers, parameterized by
a small set of meaningful attributes such as radius, height, and slope. These parameters
are learned from data but retain an explicit geometric interpretation. By constraining the
model to operate within a space of transformations that preserve these geometric patterns,
SCENE-Net effectively detects the body of towers and reduces false positives from similar
vertical structures like high vegetation with only 11 trainable parameters. Our approach
contrasts with traditional black-box methods that rely on large numbers of parameters
to learn complex features without explicit geometric reasoning. By leveraging GENEOs,
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SCENE-Net achieves a balance between interpretability and performance, allowing for a
robust tower segmentation while maintaining a low computational footprint.

In summary, our contributions are as follows:

1. A white-box architecture for 3D point clouds that utilizes geometric inductive biases

as GENEOs and learns only a small number of meaningful parameters.

2. A formalization of SCENE-Net as a convex combination of equivariant observers,

with a training objective and constraints that preserve interpretability.

3. An extensive evaluation on TS40K, SemanticKITTI, and ablation studies that high-
lights interpretability, robustness, parameter efficiency, and architectural design
choices.

And we address the following research questions:

¢ RQ1: What is the intrinsic meaning of the eleven learned shape parameters in
SCENE-Net? We address this by elucidating the semantic roles of each parameter
and providing post hoc analyses of specific predictions that are independent from

human interpretation (Section 5.5.1).

* RQ2: How does the performance of SCENE-Net compare to other methods? We
answer this by benchmarking SCENE-Net against a baseline CNN and state-of-the-art
approaches, including evaluation on the SemanticKITTI benchmark (Section 5.5.2).

* RQ3: How effectively can SCENE-Net learn and represent the geometry of sup-
porting towers? We investigate this by showcasing the complex observer learned
through the convex combination of simple 3D shapes and conducting ablation

studies to analyze the impact of architectural choices (Sections 5.5.4 and 5.5.3).

5.2 Related Work

Explainability in 3D point clouds. Most existing work on explainability in 3D follows
the paradigm established in image-based learning: train a complex black-box architecture
and then apply post hoc techniques to generate explanations. Popular approaches include
gradient-based saliency maps, local surrogate models such as LIME [81], and perturbation-
based methods such as meaningful perturbations [31]. While these techniques can provide
some interpretive value, they suffer from several well-known limitations. Explanations are
often approximations and may not reflect the model’s internal reasoning, they introduce
additional computational overhead, and they remain dependent on human interpreta-
tion rather than providing a mechanistic understanding of the model’s decision-making
process. In the case of 3D semantic segmentation, these challenges are amplified by the
lack of explainability tools in this domain and the difficulty of translating 2D techniques
to spatially irregular point cloud data [57, 82]. An alternative is intrinsic interpretability,
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where the architecture and parameters themselves encode domain knowledge, ensuring
that each computational component has a clear semantic role. Examples include decision
trees and linear models, which traditionally trade off complexity for transparency [82].
More recent methods, such as concept whitening [16] and interpretable CNNs [119],
demonstrate that interpretability need not come at the expense of performance. In this
work, we follow this path through SCENE-Net: a white-box architecture that leverages
GENEOs to encode geometric inductive biases directly into convolutional kernels. Each
GENEO is parameterized by interpretable geometric attributes, which are learned from

data but retain an independent semantic meaning.

Power Line Segmentation from 3D Point Clouds. Power line inspection has traditionally
relied on on-site maintenance teams and manned helicopters, which visually examine
the grid using portable equipment or even the naked eye. These procedures are costly,
labor-intensive, and expose workers to hazardous conditions. Consequently, process
automation has become a priority for utility operators seeking to reduce costs, increase
efficiency, and improve worker safety. To this end, unmanned aerial vehicles (UAVs)
equipped with LiDAR sensors are now widely deployed to scan transmission corridors
and produce 3D point cloud representations of the environment. Several approaches have
been proposed to segment power lines directly from these data. For example, Ding et
al. [24] combine simultaneous localization and mapping (SLAM) with multi-sensor data
to patrol power grids, but rely on multi-view 2D raster reconstructions, which inevitably
introduce projection artifacts and information loss. Guo et al. [39] project point clouds onto
the xy-plane and apply clustering to segment lines, however, this approach neglects the
complexity of irregular terrain and ground points, and fails to robustly handle incomplete
line structures. Other methods exploit elevation statistics in combination with xy-plane
projections, such as Tao et al. [94], who focus on extracting high-voltage conductors
using fine-grained elevation information. While effective for delineating suspended wires,
the methods above generally disregard supporting towers, which are equally important
for inspection and maintenance. Supporting towers are not only themselves subject to
deterioration and defect detection but also serve as reliable anchors for inferring the
precise location of power lines. Furthermore, power grid safety assessment requires
consideration of the broader environment, including vegetation encroachment, which
cannot be addressed by methods limited to line extraction. In contrast, our approach

directly leverages the full 3D scene to segment towers from the surrounding context.

Cylinder Detection in 3D Point Clouds. Detecting cylindrical structures in point clouds
has long been studied in industrial and urban domains, particularly for pipelines, poles,
or tree trunks. Classical methods rely on geometric fitting pipelines using RANSAC,
curvature estimation, or projection-based simplifications. For example, Liu et al. [62]
reduce 3D cylinder detection to circle estimation in 2D projections for structured envi-
ronments, while Tran et al. [100] and Aradjo et al. [2] introduce multi-stage refinement
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procedures based on connectivity heuristics to improve robustness. More recently, Lu et
al. [67] proposed decomposing scenes into axis-aligned slices, which facilitates efficient
cylinder candidate tracking in dense scans. Although effective in controlled industrial
settings, these approaches encounter significant limitations in outdoor rural inspection
data. UAV LiDAR scans of power grids are typically noisy, cluttered, and highly variable in
density, making assumptions of consistent geometry unreliable. Hand-tuned parameters
or rigid heuristics often fail in the presence of vegetation, occlusion, or irregular terrain.
Moreover, geometric fitting methods lack semantic awareness: they identify primitives
purely by shape, without distinguishing between relevant (e.g., transmission towers) and
irrelevant (e.g., tree trunks) structures. SCENE-Net addresses these shortcomings by en-
coding geometric inductive biases in the form of interpretable GENEOs that are optimized
end-to-end. Rather than exhaustively fitting geometric primitives, SCENE-Net constrains
its space to functions that reflect semantically meaningful patterns. Crucially, the GENEO
framework supports extensions: new operators can be added to target other structural
classes without redesigning the entire detection pipeline.

5.3 Methodology

5.3.1 SCENE-Net Architecture Overview

The proposed architecture builds directly on the concepts of Group Equivariant Non-
Expansive Operators introduced in Section 2.3 and the role of geometric inductive biases
discussed in Section 2.2. SCENE-Net embodies these principles into a voxel-based 3D

semantic segmentation model tailored for supporting tower detection.

Step 1: voxelization. Let the input point cloud be P € RN*3+C) where N is the number
of points and 3 + C encodes coordinates plus optional per point features. SCENE-Net
first applies a measurement function ¢ : R® — {0, 1}, which signals the presence of
points on a regular voxel grid. Concretely, we choose binary occupancy as the admissible
measurement: a voxelis active if it contains at least one point from #’ and inactive otherwise.

This yields a tensor ¢ on a grid of size X X Y X Z.

Step 2: GENEO Layer as a geometric convolution. The measured input ¢ is processed
by a set of m GENEOs,

I={I}},
each drawn from a parametric family with trainable shape parameters 9;. Every operator
acts on functions (i.e., the occupancy map ¢) and is instantiated here as a 3D convolution
with a kernel g?f that encodes a specific geometric primitive (details in the next subsection).

Formally, for a point x € R3,

I7(p)(x) = / g () px —y)dy, (5.1)
R3
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Figure 5.2: Pipeline of SCENE-Net: an input point cloud # is measured according to
a function ¢ and voxelized. This representation is processed by a GENEO-layer, where
each operator from a parametric family F?i separately convolves the input. A GENEO
observer H is obtained via a convex combination of the operators in the GENEO layer. The
observer’s response is then mapped to a probability M of belonging to a tower, followed
by a thresholding step to produce binary voxel predictions. Thresholding is only applied
after training is complete.

—~
2
)

which is instantiated as a standard 3D correlation after sampling g?" onto the same grid
support. The kernels g?i are designed to be equivariant to the relevant transformations of
the target geometry (for example, translations and rotations around the vertical axis), and
they satisfy non expansiveness as required by the GENEO framework.

Important training detail. During learning we do not optimize discrete kernel weights on
the grid. Instead, backpropagation updates only the shape parameters 9; that control the
continuous kernels gl‘.gi. This preserves equivariance at each optimization step and keeps

the parameterization compact and interpretable.

Step 3: convex observer. The responses of the m operators are aggregated by a convex
combination that yields the observer

Hx) = > AT (p)), (5.2)
i=1

with non-negative coefficients A; also learned from data. Since convex combinations of
GENEOs are GENEOs [8], H inherits equivariance from its components. The weights A
quantify the importance and contribution of each geometric prior to the fully discriminat-
ing towers from their environment. Intuitively, H(x) is a signed space whose magnitude
reflects how strongly the local neighborhood at x matches the encoded tower geometry,
and whose sign separates agreement from disagreement with the geometric priors. In

other words, positive values of H indicate evidence for pole-like structures consistent with
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Activation Function Comparison
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Figure 5.3: Comparison of activation functions for probability mapping. The tanh
function normalizes the observer output to [-1, 1], stabilizing the range and maintaining
symmetry. The ReLU then zeroes out negative values, ensuring that only positively
aligned geometric patterns contribute to the final prediction. This combination avoids
assigning non-zero probabilities to negatively aligned regions and is bounded in [0, 1].

the encoded priors, while negative values suppress structures that deviate from those

priors, for example near spherical clumps typical of vegetation.

Step 4: probability mapping. The observer H in Eq. (5.2) is a convex combination
of interpretable GENEOs, producing a real-valued field where positive values indicate
pole-like structures and negative values indicate regions inconsistent with the encoded
geometric priors. To convert this geometrically meaningful signal into a probability map
M indicating tower presence, we first apply a tanh activation to normalize H(x) to [-1,1],
stabilizing the range and maintaining symmetry between positive and negative activations.
Next, we apply a ReLU to zero out negative components, ensuring that only positively
aligned geometric patterns contribute to the final prediction. This yields a probability
map bounded in [0, 1]:

M(x) = (tanh(H(x))),, (t)+ = max{0, t}. (5.3)

The use of a sigmoid activation is not appropriate here, as it would assign non-zero
probabilities to negatively aligned regions, contradicting the semantics of H(x) as a geo-
metric detector. Similarly, using ReLU alone without normalization would not guarantee
bounded or calibrated outputs. Figure 5.3 provides a comparison of activation functions
and illustrates why the chosen combination is best suited for this setting.
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Figure 5.4: Input samples from TS40K illustrating the recurring geometric patterns that
motivated each GENEO design: they all contain a vertical cylindrical shaft, an angled or
conical section at the top, spherical clutter from vegetation, and power lines that intersect
the tower in a catenary shape.

Step 5: thresholding for segmentation. A single threshold 7 € [0, 1] is selected on a
validation split and applied only at inference time to convert probabilities into binary
predictions:

M(x,7) = {Mx)} > 1. (5.4)

Thresholding is a post training decision rule that can be adapted to the desired precision

recall trade off for inspection.

Discretization, resolution, and kernel support. Kernels g?" are defined in continuous
space and then sampled on the current voxel grid. This decouples the parameterization
from the grid resolution and from the kernel size. In practice the number of trainable
parameters is independent of the discrete kernel support chosen atinference. This property
allows SCENE-Net to operate across different voxel resolutions without reparameterizing
the model and to adjust kernel size to the desired voxel grid resolution while preserving
the learned geometric behavior. In other words, the kernel size itself is a hyperparameter
that can be tuned to boost performance while keeping the number of trainable parameters
constant. This is a key advantage over traditional CNNs, where kernel size and resolution

are tightly coupled to the number of parameters.

5.3.2 Encoding Geometric Inductive Biases with GENEOs

The GENEO operators used in SCENE-Net were engineered after a detailed examination
of the tower geometries present in the TS40K dataset. In particular, we studied recurring
structural elements in the input point clouds, focusing on their 3D shapes and symmetries.
The supporting towers in TS40K display consistent geometric patterns that are preserved
across their diverse structures: vertical cylindrical shafts forming the tower body, conical
or angled sections at the top where power lines attach, and spherical clutter from nearby
vegetation. To model these priors explicitly, we define three parametric GENEO kernels:
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Figure 5.5: GENEO kernels discretized on a voxel grid. Each subfigure visualizes a
different GENEO kernel used in SCENE-Net discretized in a voxel grid: (a) Cylinder, (b)
Arrow, and (c) Negative Sphere. The color encodes the value of the kernel weights at each
voxel, with the colorbar indicating the mapping from negative (suppressive) to positive
(activating) values. The Cylinder kernel is sensitive to vertical, cylindrical structures
typical of tower shafts; the Arrow kernel captures the regions where power lines attach
to the tower; and the Negative Sphere kernel suppresses activations in approximately
spherical regions, reducing false positives from vegetation. All kernels are parameterized
continuously and then sampled on the voxel grid, ensuring resolution-agnostic behavior
and interpretable geometric priors.

the Cylinder, Arrow, and Negative Sphere. Each sensitive to a specific geometric cue. The
formulation of these kernels is tailored to maximise discriminative power for supporting

towers while preserving equivariance to relevant transformation groups.

5.3.2.1 Cylinder GENEO

The Cylinder GENEO captures the vertical shafts that form the main body of supporting
towers and is depicted in Figure 5.5a. It is equivariant with respect to the group of
isometries in R3 that map upward-oriented vertical lines to themselves and preserve

orientation, including translations in the xy-plane and rotations around the z-axis.

2
gy (x) = exp (—217 (11260 =z - 7?) ) : (5.5)

where z projects onto the xy-plane, c is the cylinder centre, r is the radius, and ¢ controls
Gaussian smoothing. The parameter vector is Scy = [, o].

Acting on the voxelised measurement ¢ € @, the operator ng is defined as a convolu-

tion:

()0 = [ gewet- )y 56)
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where gcy is zero-sum normalised to stabilize the observer. This normalization is essential,
as it leads to positive responses to occur near the cylinder’s center, while negative values
suppress shapes inconsistent with the model. In TS40K, this operator is essential for
detecting the main tower body, as in sample (a) and (b) of Fig. 5.4, where distinct cylindrical

shafts are visible. The non-expansiveness of I"gy is proven in Appendix A.1.

5.3.2.2 Arrow GENEO

The Arrow GENEO targets the conical or angled upper sections of towers where power
lines attach, distinguishing them from other vertical structures such as trees. It combines

a cylindrical base with a conical top, as illustrated in Fig. 5.5b.

) 2
exp (—2}7 (llz(x) —z(o)lI* = 72) ), v(x) < h,
gar(x) = (5.7)

exp (—2}7 (Ilz(x) —z(@)1* = (rc tan(ﬁﬂ))2)2) , otherwise,

where 7 is the cylinder radius, r. the cone base radius, / the height at which the cone
starts, and 8 the cone inclination, and v(x) denotes the height of point x in the reference
space. The parameters are 94, = [r, 0, h, ¢, B]. In the TS40K sample (b) and (c) (Fig. 5.4),
the conical upper section is a distinctive geometric feature with power lines intersecting it

from multiple directions. Its non-expansiveness is proven in Appendix A.2.

5.3.2.3 Negative Sphere GENEO

The Negative Sphere GENEO is a suppressive operator designed to down-weight re-
sponses from approximately spherical structures, which are common in vegetation and
can be mistaken for parts of towers if not explicitly penalized. This GENEO is illustrated
in Fig. 5.5¢.

1 2
gns(x) = —w exp ~552 (llx —cll>=7%)7], (5.8)

with w € (0, 1] controlling suppression strength, and parameters 9ns = [r, 0, @].

In TS40K samples (a) and (b) (Fig. 5.4), spherical vegetation masses surround or partially
occlude towers. The Negative Sphere GENEO reduces false activations in these regions,
stabilising the combined observer. Its non-expansiveness is shown in Appendix A.3.

5.3.3 Optimization and Constraints

The GENEO framework imposes a convex structure on the observer H, which must be
preserved during training. SCENE-Net’s parameters consist of the combination weights
A € R™ and the shape parameters 9 € RT, where m is the number of GENEO kernels
and T the total number of shape parameters across all operators. Both parameter sets
are learned jointly to minimize a segmentation loss while respecting the convexity and

non-negativity requirements of the framework.

86



5.3. METHODOLOGY

Learning objective. We formalize the training problem as:

minimise E(x y)-p [Lseg(A, 9 X, 1)]
A9 (5.9)
subjectto A e A", 9eRL,

where D is the training dataset, A"1is the (m — 1)-dimensional simplex, and RT denotes
the non-negative orthant for shape parameters. Non-negativity ensures that parameters

retain their geometric meaning, e.g., a cylinder radius cannot be negative.

Loss function. The segmentation loss is defined as a weighted mean squared error:
2
Lseg(A; SIXI y) = fw(a/ €, y) ° (M(X) - ]/) s (510)

where M is the tower probability map from Eq. (5.3), and f,(«, €; i) is a weighting function
to address class imbalance [90], with a controlling the weight scale and € > 0 avoiding
zero weights.

Unlike standard binary cross-entropy (BCE), we employ mean squared error (MSE)
as our loss because SCENE-Net frames segmentation as a voxel-wise regression task. In
our setting, each voxel can be only partially occupied by a supporting tower, so we treat
the target as a continuous-valued density rather than a strict binary label. This approach
better matches the physical reality: towers are extended structures that may span several
voxels and are not perfectly localized. For practical supervision, we discretize occupancy
as:

1.0 if voxel v contains any tower point,
y(v) = . (5.11)
0.0 otherwise.
Empirically, we found that MSE yields more stable training and improved final perfor-

mance compared to BCE in this regression-based formulation.

Reparameterization of A. To satisfy the simplex constraint without projecting the pa-

rameters to the simplex at each iteration, we reparameterise A by setting:

An=1=) A, (5.12)

reducing Eq. (5.9) to:

minimise Ex,y)-p [Lseg(/\, 3 X, y)]
A9 (5.13)
subjectto A €R”, 9 eRI

Soft regularization for non-negativity. Instead of enforcing non-negativity via hard

constraints or projections, we introduce a differentiable penalty:

L, 9) = o1 3 HA) + i ‘

i=1 i=1j

T;
h(8ij), h(x) = max(0,-x), (5.14)
-1
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where p; and p; control the penalty strength for A and 9, respectively. The final optimisation
problem becomes:

mirhi?ise Ex,y~0 [Lseg(A, 8 X, )] + Q4, 9). (5.15)
Why not softmax or exponential reparameterization? The convex combination in
Eq. (5.2) requires non-negative weights A, which could be enforced through standard
approaches like softmax normalization. However, the softmax function creates undesir-
able side effects for our setting. The exponential mapping A; = % tends to produce
highly skewed distributions where small parameter differences lead to one dominant
component and near-zero contributions from others. This contradicts our goal of learning
balanced combinations of geometric priors. Exponential reparameterizations A; = exp(6;)
avoid the normalization issue but still amplify parameter differences. Both approaches
obscure the direct relationship between learned weights and their transparent meaning.
Our soft penalty approach in Eq. (5.14) maintains this direct correspondence by treat-
ing A as standard real-valued parameters while discouraging negative values through a
differentiable penalty term. This preserves the interpretation where each A; quantifies
the contribution of a specific geometric prior. Empirically, we observe convergence to
non-negative values without explicit projections, while retaining the flexibility to apply

additional regularization such as sparsity constraints.

Interpretability of parameters. The convexity of the observer ensures that each A; is
a direct measure of the contribution of the i-th GENEO kernel to the final observer,
while each 9;; has a clear geometric meaning (e.g., cylinder radius, cone height, sphere
suppression factor). This direct link between parameters and geometry is a key benefit of

embedding inductive biases in the architecture.

5.4 Experimental Setup

5.4.1 Problem Setting: Tower Detection in TS40K

We evaluate SCENE-Net on the TS40K dataset [51], a large-scale benchmark of rural power
grid environments introduced in Chapter 3. While TS40K was designed for comprehensive
3D semantic segmentation, our collaboration with EDP and Labelec defined a specific
operational challenge: accurately detecting the (x, y) coordinates of supporting towers in
vast rural point clouds with a lightweight model suitable for easy deployment. Identifying
tower locations enables maintenance personnel to anchor the position of associated power
lines and supporting infrastructure, which significantly reduces inspection times and does
not require heavy 3D semantic segmentation models.

Although we adopt standard evaluation protocols from 3D semantic segmentation to
ensure fair comparison with baseline and state-of-the-art methods, our main objective

is to maximise Precision in tower detection. High Precision guarantees that predicted
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tower coordinates correspond to actual supporting structures, avoiding false detections
that could compromise subsequent inspection workflows. In this context, improving
Precision directly translates to more reliable tower locations and safer decision-making

during inspections.

5.4.2 Baselines and Evaluation Protocol

To contextualise SCENE-Net’s performance, we compare it against a lightweight CNN
baseline with a similar pipeline, as well as established state-of-the-art methods for 3D
semantic segmentation. These include classical point-based architectures such as Point-
Net++[79], convolutional approaches such as KPConv [96], and transformer-based models
like Point Transformer V2 [110].

CNN Baseline. We design a convolutional neural network baseline that mirrors the
architecture of SCENE-Net as closely as possible, in order to provide a fair and interpretable
comparison. Both models operate on voxelized point clouds from the TS40K dataset, using
only geometric occupancy information without colour or auxiliary features. The baseline
CNN consists of a single 3D convolutional layer with three filters of size 9x5x5, followed by
anon-linear transformation. For the CNN baseline, we apply the standard ReLU activation,
whereas SCENE-Net applies ReLU(tanh(:)) to enforce bounded activations aligned with
its probabilistic interpretation. The key distinction lies in the parameterization of the
convolutional kernels. In the baseline CNN, kernels are unconstrained and fully learnable,
resulting in a total of 2,190 trainable parameters. By contrast, SCENE-Net constrains each
kernel to a parametric form grounded in geometric priors, specifically the GENEO kernels
introduced in Section 5.3.2. This restriction reduces the number of trainable parameters
to only 11, while preserving a direct semantic interpretation for each parameter. In
principle, the unconstrained CNN has sufficient capacity to represent SCENE-Net within
its parameter space, should gradient descent discover the corresponding kernel weights.
This difference in kernel design also affects scalability. In CNNSs, kernel size directly
controls the number of parameters: increasing kernel resolution raises both parameter
count and computational cost cubically. SCENE-Net, by contrast, instantiates kernel
weights from continuous parametric functions, meaning its parameter count remains
constant regardless of kernel size. The model is thus independent of kernel resolution, an
advantage of particular relevance for large-scale 3D applications where memory efficiency
and computational scalability are critical. We explore this property in detail in Section 5.5.4.

Evaluation Metrics. Performance is assessed using four metrics: First, Precision mea-
sures the proportion of correctly identified tower voxels among all voxels predicted as
towers. In practice, this metric captures the reliability of predicted tower locations. Second,
Recall quantifies the proportion of ground truth tower voxels that are successfully detected
by the model. This metric indicates whether the model is able to consistently capture the
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Table 5.1: Comparison between the CNN baseline and SCENE-Net. Both models share the
same overall pipeline, but differ fundamentally in kernel definition and parameterization.

Property CNN Baseline SCENE-Net
Number of parameters 2,190 11
Layer depth 1 (single convolutional layer) 1 (GENEO-layer)
Number of kernels 3 3
9X5x5b5

Kernel size 9x5x5 (discretized from

continuous functions)
Kernel definition Unconstrained weights Geometric priors (GENEOs)
Interpretability X v
Resolution Agnostic X v
Scalable design X v

full extent of the infrastructure. However, due to the noisy nature of the supporting tower
label (Section 3.6.1), where the ground beneath towers as well as the supporting structure
for power lines are also annotated as towers, Recall may be affected by false positives
in these areas. Third, Intersection over Union (IoU) evaluates the voxel-wise overlap
between predictions and ground truth. IoU balances Precision and Recall, providing a
single interpretable measure of segmentation quality. For the tower detection problem,
IoU highlights whether the detected regions align spatially with the annotated structures.
Finally, we introduce Parameter Efficiency to measure performance relative to model size.

It is defined as
Tower IoU

log,,(#Parameters)”

Parameter Efficiency = (5.16)

capturing how a model leverages its parameters to detect towers. This metric is partic-
ularly relevant for SCENE-Net, whose design philosophy prioritises compactness and
interpretability.

5.5 Results and Analysis

5.5.1 RQ1: The Interpretability of SCENE-Net

The meaning of the learned shape parameters. Toaddress the interpretability of SCENE-
Net, we first analyse its eleven trainable parameters 9 and A after training. Each 9; € 9
encodes geometric attributes of a GENEO operator I';, such as the radius of a cylinder or
the inclination of a cone. The convex coefficients A weigh the relative contribution of each
operator in the final observer H, exposing the balance between geometric components.
For instance, in the trained model we find that the Negative Sphere GENEO I'ys receives
a dominant weight of approximately 76% (see Figure 5.6). Conversely, the Arrow GENEO
is assigned a smaller weight, yet its parameters encode the vertical elongation and angular
intersection patterns that are characteristic of supporting towers. This division of roles
across a small set of interpretable parameters illustrates the intrinsic transparency of
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Figure 5.6: Learned parameters of SCENE-Net. The trainable parameters ¥ (shape pa-
rameters) and A (convex weights) after training. Parameter h* is not trainable, and A}, is
defined as a function of the others, A’ 1= Aar = Acy-

NS~
SCENE-Net: the model’s behaviour can be directly traced back to the semantics of its
shape parameters and their convex weights.

Post hoc interpretation for specific predictions. Beyond parameter inspection, SCENE-
Net’s interpretability extends to specific predictions. By visualizing the activations of
individual operators, we can associate their contributions with meaningful elements of
the scene. As shown in Figure 5.7, the Arrow operator produces the strongest activation
on tower-like regions, capturing their characteristic vertical and angular structure. Inter-
estingly, the Cylinder provides a complementary activation, reinforcing verticality while
reducing sensitivity to vegetation. The Negative Sphere presents a small negative factor
(w = 0.013), thus it acts more like a stabilizing force between the other operators.
Overall, these visualizations show that SCENE-Net’s behaviour can be traced directly
to the interaction of its geometric operators. Rather than being a black-box, the model acts
as a transparent observer, where each component contributes a distinct and interpretable
role. By examining both the semantics of the learned parameters and their voxel-level
activations, we converge on the same conclusion: SCENE-Net learns a compact yet
expressive set of parameters with clear geometric meaning to detect supporting towers.

5.5.2 RQ2: The Performance of SCENE-Net

Baseline comparison. On TS40K, SCENE-Net achieves substantially higher Precision
and Intersection over Union (IoU) than the CNN baseline, despite operating with three
orders of magnitude fewer trainable parameters. Precision improves by 38%, IoU by 5%,
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(a) SCENE-Net Prediction (b) Cylinder Activation

(c) Arrow Activation (d) Negative Sphere Activation
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Figure 5.7: Post hoc analysis of GENEO activations. SCENE-Net predictions can be
decomposed into the contributions of each GENEO. The Arrow activates strongly on
tower structures, the Cylinder reinforces verticality and mitigates vegetation, and the
Negative Sphere stabilizes our final observer.

while Recall decreases by 13% (Table 5.2). This trade-off reflects SCENE-Net’s explicit
bias: it focuses on geometry-consistent detections over broader but noisier coverage.
Qualitative results (Figures 5.1 and 5.8) illustrate this effect. The CNN tends to classify
most vertical structures as towers, which inflates Recall but also produces a high number
of false positives. In contrast, SCENE-Net reliably segments the main body of towers
and suppresses vegetation. From an application standpoint, SCENE-Net’s conservative
segmentation is beneficial: it reduces the risk of false positives in tower detection, which
leads to more reliable inspection outcomes. Thus, despite the CNN's greater expressive

power and parameter count, SCENE-Net achieves superior segmentation performance,
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illustrating the strength of geometric inductive biases and the efficiency of our approach.

Table 5.2: 3D semantic segmentation performance on TS40K. Values are reported as mean
+ standard deviation over three runs. SCENE-Net emphasizes Precision and IoU, which
are most relevant for deriving accurate tower coordinates.

Method Precision (%) Recall (%) IoU (%)
CNN Baseline 44 (£ 7) 26 (+2) 53
SCENE-Net 82 (£ 8) 13 (£ 5) 58

Comparison with state-of-the-art methods. Asshown in Table 5.3, SCENE-Net achieves
a parameter efficiency over an order of magnitude higher than any other model. Point-
Transformer V3 yields the best absolute IoU (65.1%), but requires over four million times
more parameters than SCENE-Net and with only a performance gain of 7.1%. This il-
lustrates a key strength of our approach: SCENE-Net achieves competitive segmentation

performance with a minimalist parameterization.

SCENE-Net on SemanticKITTI. To further evaluate generalization, we test SCENE-Net
on SemanticKITTI [6], a challenging autonomous driving benchmark characterized by
sparse, occluded point clouds with a rectangular field-of-view. Input point clouds are
voxelized with a voxel size of 0.05 meters to accommodate for sparsity. As shown in
Table 5.4 and the qualitative results in Figure 5.9, SCENE-Net achieves a pole IoU of 57.5%
with only 11 trainable parameters. The strongest performer, TG-KD [41], attains 69.8% pole
IoU but requires 2.78 million parameters and benefits from knowledge distillation from
a large teacher model (Point Transformer V3 [111]). By contrast, SCENE-Net is trained
from scratch without pre-training or distillation, which highlights the effectiveness of its
geometric inductive priors. This comparison serves two purposes. First, it demonstrates
that SCENE-Net's specialization for pole detection is effective beyond TS40K, adapting to
a dataset with widely different statistics, including higher occlusion, lower density, and
a richer variety of objects. Second, it highlights the efficiency of embedding geometric
inductive biases: SCENE-Net delivers competitive results with five orders of magnitude
fewer parameters than the strongest baselines. Although the GENEOs used here were
designed with TS40K towers in mind, they remain effective in SemanticKITTI without
modification. This suggests that as long as the target structures preserve consistent
geometric traits, GENEO-based observers can transfer across domains. Nevertheless,
additional gains could be achieved by refining the GENEO set to better capture the poles
common in SemanticKITTIL Thanks to SCENE-Net’s white-box design, such extensions can
be made in a transparent, post hoc manner by inspecting model failures and incorporating
new operators. Overall, these results illustrate that performance improvements in 3D
semantic segmentation need not come from larger models. By leveraging geometric
knowledge, SCENE-Net offers a lightweight and interpretable alternative, avoiding the
diminishing returns of parameter scaling observed in state-of-the-art architectures.
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Figure 5.8: Qualitative results on TS40K. Each row shows the TS40K sample (left), SCENE-
Net prediction (middle), and the CNN baseline (right). SCENE-Net focuses on tower
bodies and suppresses vegetation, whereas the CNN frequently over-segments vegetation
as towers. In the third row, SCENE-Net clearly identifies a second unlabeled tower, while
the CNN marks both the second tower and nearby vegetation as towers.

5.5.3 RQ3: The Expressive Power of SCENE-Net as a Geometric Observer

We investigate this question by analyzing how SCENE-Net composes simple, interpretable
GENEO:s into a complex observer, and by conducting a study with respect to the voxel
resolution and kernel size used to evaluate its performance. Additionally, we conduct an
ablation study to assess the impact of different GENEO sets on performance. Together,
these experiments highlight that SCENE-Net learns a semantically meaningful tower

representation that is compact and resolution-agnostic.
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Table 5.3: Comparison of Tower IoU and parameter efficiency on TS40K. Methods are
ordered by parameter efficiency. SCENE-Net achieves the highest efficiency by a wide
margin.

Method Tower IoU (%) # Parameters (M) Param. Efficiency
SCENE-Net (ours) 58.0 1.1e-5 55.68
PTV2 [110] 61.7 12.8 8.67
PTV3 [111] 65.1 46.2 8.48
PTV1 [121] 57.2 6.3 8.40
KPConv [96] 42.7 14.9 5.95
PointNet++ [79] 25.9 1.48 4.19
PointNet [78] 8.6 0.40 1.86
RandLA-Net [44] 0.0 1.24 0.00

Table 5.4: Semantic segmentation on SemanticKITTI: pole IoU, number of parameters,
and parameter efficiency. SCENE-Net remains competitive despite being designed for
TS40K.

Method Pole IoU (%) # Parameters (M) Param. Efficiency
SCENE-Net (Ours) 57.5 1.1e™ 55.23
TG-KD Student with KD [41] 69.8 2.78 10.83
TG-KD Student w/o KD [41] 63.8 2.78 9.90
PTV3[111] 64.4 46.2 8.39
Cylinder3D [122] 62.4 53.0 8.08
SalsaNext [21] 54.3 6.7 7.95
JS3C-Net [114] 60.7 2.7 3.79
SparseConv [36] 57.9 2.7 3.61
SPVNAS [93] 64.3 12.5 3.46
RangeFormer [47] 66.4 24.3 3.09
RPVNet [112] 64.8 24.8 2.95
KPConv [96] 56.4 14.9 2.92
RandLA-Net [44] 442 1.24 2.70
UniSeg [63] 68.3 147.6 2.56
PointNet++ [79] 6.0 1.48 0.84

SCENE-Net as a complex observer built from simple shapes. SCENE-Net is a white-box
model composed of interpretable geometric operators that are combined into a semantic
observer. Each operator is designed to capture a fundamental geometric cue: the Cylinder
encodes verticality, the Arrow emphasizes alighment with power lines, and the Nega-
tive Sphere acts as a stabilizer by suppressing spurious activations from vegetation or
surrounding clutter. Through convex combination, these operators form a final observer
‘H that is both expressive and compact. Figure 5.10 illustrates this process. On the left,
the convex sum of the three GENEOs yields the observer H, which activates strongly on
pole-like structures while diminishing unrelated elements. On the right, H is transformed
into a probability map M using the function ReLU(tanh(#(x))), which discards negative

responses and rescales positive ones into the range [0, 1]. The result is a semantic density
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Figure 5.9: Qualitative results on SemanticKITTI. Left: input point clouds coloured by
the original SemanticKITTI labels for easier visualization; right: SCENE-Net predictions.
Despite diverse elements, sparsity, and occlusion, SCENE-Net consistently identifies pole-
like structures.

estimate for tower likelihood across the scene. This transformation allows SCENE-Net
to provide probabilistic, interpretable predictions directly linked to geometric priors. Al-
though the current implementation targets pole-like towers, the modularity of SCENE-Net
allows extension to other structures. Additional GENEOs could be designed to represent
horizontal planes or bent forms, while preserving equivariance as long as they remain
consistent with the underlying transformation groups. This highlights SCENE-Net’s
potential as a general framework for interpretable 3D scene understanding.

Voxel resolution and kernel size in SCENE-Net. A common limitation of voxel-based
models is the dependence on grid resolution and kernel size, both of which heavily affect
memory and runtime in CNNs. SCENE-Net overcomes this by defining GENEOs as
continuous functions that are discretized only at inference. This means that its parameter
count remains constant regardless of kernel size or voxel resolution, while its behavior
generalizes across discretizations. We tested this property by applying a SCENE-Net
model trained on 64% voxel grids with kernel size (9, 5, 5) to higher-resolution grids such
as 1283, using larger kernels at inference. Figure 5.11 shows that SCENE-Net preserves
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Figure 5.10: Transformation of GENEO observers into a tower probability map. The
left side shows the convex sum of three GENEOs (Cylinder, Arrow, and Negative Sphere)
forming the observer H. The right side shows the transformation of H into a normalized
tower probability map M, which discards negative responses and rescales positive activa-
tions into [0, 1].

tower localization at higher resolution without retraining, demonstrating its resolution-
agnostic advantage enabled by its continuous formulation. To quantify this property, we
evaluated the same trained model across multiple grid resolutions. Table 5.5 shows that
performance peaks at the training resolution 643, with only modest degradation at coarser
or finer grids. This reflects a natural trade-off between spatial detail and details captured
by SCENE-Net across scales. In a complementary study, we tested different kernel sizes at
inference. Results in Table 5.6 show that GENEO shape affects precision and recall trade-
offs, with the best overall configuration being (9, 5,5). Crucially, these adjustments occur
without retraining, confirming that SCENE-Net’s continuous parameterization decouples

kernel design from learning.

Table 5.5: Effect of voxel grid resolution on SCENE-Net performance in the TS40K valida-
tion set (inference only, model trained at 64° with kernel size (5, 5, 5)).

Grid Resolution Precision (%) Recall (%)

323 59.2 7.8
483 71.1 11.0
643 79.7 11.6
963 78.5 10.1
1283 76.3 9.9

Ablation study on GENEOs. To further assess the expressive capacity of SCENE-Net, we
conducted an ablation study varying the number and combination of Cylinder, Arrow, and
Negative Sphere GENEOs. Each configuration was trained and evaluated on the TS40K
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Figure 5.11: Resolution-agnostic inference of SCENE-Net. The model trained at 64° with
kernel size (9, 5, 5) generalizes to 1283 using kernel (12, 5, 5) without retraining, retaining
accurate tower localization.

Table 5.6: Effect of GENEO kernel size on SCENE-Net performance in the TS40K validation
set (inference only, model trained at 643 with kernel size (5,5, 5)).

Kernel Size (z,x,y) Precision (%) Recall (%)

3,3,3) 59.1 42
(5,5, 5) 79.7 116
7,7,7) 80.4 11.0
©,9,9) 82.6 9.3
©, 5, 5) 82.5 11.9
(12, 5, 5) 774 8.2
(5,9,9) 63.6 6.5

Table 5.7: Ablation study of SCENE-Net on the TS40K validation set. Columns 3-5 indicate
the number of Cylinder, Arrow, and Negative Sphere GENEOs, respectively. We report
Precision, Recall, and IoU to quantify the contribution of different operator combinations.

Model | #Cylinder # Arrow #NegSphere | Precision (%) Recall (%) IoU (%)
A 1 0 0 0 0 0
B 0 1 0 0 0 0
C 1 0 1 34 1 12
D 0 1 1 13 1 8
E (Ours) 1 1 1 82 13 58
F 2 2 2 56 16 53
G 3 3 3 37 22 56

validation set, with results reported in Table 5.7. The results reveal several important
trends. First, models A and B, which use only a single GENEO type (Cylinder or Arrow),
completely fail to detect towers. This highlights that no single primitive is sufficient on
its own, for instance, cylinders capture verticality but confuse vegetation. Introducing the

Negative Sphere improves results when paired with another operator (models C and D).
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Table 5.8: Comparison of efficiency metrics between SCENE-Net and baselines. All models
were trained on an NVIDIA RTX 4070 GPU with 8 GB RAM, for 100 epochs with a batch
size of 16.

Method Params (M) Train time / epoch (m) Time to converge (h) Peak GPU mem (MB) Inference latency (ms)
SCENE-Net (ours) 1.1x107° 23 0.5 2128 3.1
Baseline CNN 0.0022 14 11 2512 2.9
PointNet++ 1.48 18.6 19.5 3201 12.5
KPConv 14.9 20.1 284 6589 20.3
Point Transformer v3 46.2 25.6 34.7 7454 35.7

These combinations partially suppress background clutter, though performance remains
limited due to insufficient geometric coverage. The best performance arises from model
E, the canonical SCENE-Net configuration, which balances all three GENEOs in a single
convex combination. This setup achieves a strong trade-off between precision and recall,
confirming that the three priors are complementary. Interestingly, adding more instances
of each GENEO (models F and G) does not yield improvements. Instead, performance
declines due to redundancy and dilution of the convex weights across multiple kernels.
This suggests that SCENE-Net does not benefit from replicating operators, but from

diverse geometric priors.

Efficiency Analysis We conducted a comprehensive assessment of SCENE-Net’s compu-
tational efficiency and learning dynamics relative to key baselines, using a single NVIDIA
RTX 4070 GPU (8 GB RAM). All models were trained for 100 epochs with a batch size
of 16. For SCENE-Net and the CNN baseline, input point clouds were voxelized into 64
grids (approximately 1 MB per sample, 16 MB per batch), while other baselines processed
raw point clouds of 10,000 points (about 0.12 MB per sample, 2 MB per batch). Table 5.8
summarizes the results: SCENE-Net achieves remarkable parameter efficiency, requiring
only 11 trainable weights, compared to over 2,000 for the CNN baseline and millions for
PointNet++, KPConv, and Point Transformer v3. This compactness leads to reduced GPU
memory usage during training (peak 2.1 GB for SCENE-Net, 2.5 GB for CNN, and up to
7.4 GB for transformer models) and faster inference (3.1 ms per sample, versus 12-36 ms
for state-of-the-art methods). Although SCENE-Net incurs a slightly longer per-epoch
training time due to kernel recomputation (2.3 minutes vs. 1.4 minutes for CNN), it
converges much faster, reaching stable performance within 5 epochs, compared to 20
for the CNN and near the end of training for larger models. These results demonstrate
that SCENE-Net is highly efficient in terms of parameters, memory, and training speed,
making it well-suited for deployment in resource-constrained environments and scenarios
with limited data.

5.5.4 Robustness of SCENE-Net

Robustness is an essential requirement in 3D scene understanding tasks, particularly in
real-world deployments where LiDAR artifacts, sparse sampling, and noisy annotations
are prevalent. In this section, we assess SCENE-Net'’s resilience to three common sources
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(a) Precision vs. Recall under additive noise.  (b) Precision vs. Recall under random point
Each color represents a different noise distribu-  dropout. Color intensity reflects dropout prob-
tion, and the marker intensity corresponds to  ability. See Table 5.10.

noise scale. See Table 5.9.

Figure 5.12: Performance of SCENE-Net under different perturbations: additive noise
(left) and random point dropout (right).

of uncertainty: (1) geometric noise in point clouds, (2) partial input due to sparsity or
occlusion, and (3) label noise in ground truth annotations.

Geometric Noise. To simulate sensor noise and structural irregularities, we injected
test-time additive noise into the spatial coordinates (x, v, z) of the input point clouds
and evaluated the already-trained SCENE-Net. Three distributions were tested: Normal,
Laplace, and Cauchy, each with increasing variance o. Results in Table 5.9 and Figure 5.12a
show that SCENE-Net maintains high precision under mild perturbations (¢ = 0.01), with
only modest reductions in recall. Performance degrades sharply at higher noise intensities
(0 = 0.1 or Cauchy noise), where tower geometry becomes unrecoverable. In such
cases, SCENE-Net tends to abstain from prediction altogether rather than producing false
positives. This conservative behavior is desirable in safety-critical inspection, as it avoids
spurious detections that could mislead operators.

Point Dropout and Occlusion. We further evaluated robustness under point sparsity by
randomly removing points with dropout probabilities between 0% and 50%, simulating
occlusion and sensor failure. As shown in Table 5.10 and Figure 5.12b, SCENE-Net remains
stable even at 50% dropout, with negligible losses in precision and recall. This resilience
arises from two properties of the design: (i) supporting towers account for less than 1% of
all points in TS40K and are unlikely to be entirely removed, and (ii) binary voxelization
treats any non-empty voxel as active, preserving the global tower structure even when

local points are missing.
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Table 5.9: SCENE-Net performance under different noise conditions. Coordinates are
normalized to [0, 1] prior to noise injection.

Noise Type Precision (%) Recall (%)
No noise (base model) 82.0 13.0
Normal (0, 0.01) 81.1 11.6
Normal (0, 0.05) 50.4 2.7
Normal (0, 0.1) 0.0 0.0
Laplace (0, 0.01) 79.7 9.3
Laplace (0, 0.05) 47.2 1.0
Laplace (0, 0.1) 0.0 0.0
Cauchy (0, 0.01) 72.1 6.2
Cauchy (0, 0.05) 14.4 1.8
Cauchy (0, 0.1) 0.0 0.0

Table 5.10: SCENE-Net performance under random point dropout. Each dropout rate was
applied at test time.

Dropout Probability Precision (%) Recall (%)

0% 82.0 13.0
5% 81.0 13.0
10% 81.0 13.0
30% 80.8 12.5
50% 80.0 12.0

Label Noise. Finally, annotation noise remains a dominant challenge in supervised 3D
learning. In TS40K, nearly half of the voxels labeled as “supporting tower” correspond to
ground or structures suspending power lines due to inspection-oriented annotations [51].
This noise produces a mismatch between the geometric priors of towers and their annotated
voxels. Despite this imperfect supervision, SCENE-Net consistently activates only on
tower-like geometry and suppresses mislabeled surroundings. Figure 5.13 illustrates this
effect: although the ground patch is labeled as “tower”, the model highlights only the
vertical structure. This explains the lower recall but consistently high precision observed
in Table 5.2, and it demonstrates that SCENE-Net favors conservative but trustworthy
predictions over overfitting to noisy supervision.

Overall, SCENE-Net demonstrates robustness to geometric noise, point dropout, and
label noise. Its resilience is a direct consequence of embedding parametric GENEOs,
which serve as intrinsic regularizers. By constraining the hypothesis space to geomet-
rically meaningful functions, SCENE-Net avoids spurious correlations and maintains
stable predictions under perturbation. This robustness is an architectural consequence of

designing observers around interpretable geometric inductive biases.
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Figure 5.13: SCENE-Net is robust to label noise. Left: TS40K sample. Right: SCENE-Net
prediction against the ground truth. Our model correctly detects only the tower structure
and suppresses the mislabeled ground region.

5.6 Conclusions and Future Work

In this chapter, we introduced SCENE-Net, a white-box architecture for 3D semantic
segmentation grounded on Group Equivariant Non-Expansive Operators (GENEOs). By
embedding geometric inductive biases directly into its kernels, SCENE-Net demonstrates
that interpretability and efficiency need not come at the expense of predictive perfor-
mance. Unlike conventional black-box networks, SCENE-Net restricts its search space to
geometrically meaningful operators, thereby enhancing generalization, robustness, and
transparency.

Through extensive evaluation on the TS40K dataset, we showed that SCENE-Net
achieves competitive segmentation performance despite operating with only 11 parame-
ters. Compared to a CNN baseline with orders of magnitude more parameters, SCENE-Net
demonstrated superior Precision and IoU. Benchmarking against state-of-the-art methods
on TS40K and SemanticKITTI further revealed that SCENE-Net offers unmatched param-
eter efficiency, while qualitative results highlight its ability to capture pole-like objects
under clutter, noise, and occlusion.

From a deployment perspective, SCENE-Net offers three main advantages. First, its low
computational footprint makes it feasible for on-device inference in UAVs or edge devices,
without the need for cloud computing. Second, its interpretable GENEO operators provide
a level of transparency that allows engineers to audit and debug the model’s behavior, a
critical property in inspection pipelines. Third, its ability to transfer across datasets such
as SemanticKITTI demonstrates that its domain of application is not limited to a specific
dataset or environment.

Nevertheless, some limitations remain. Designing GENEOs requires manual effort
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and domain knowledge, which constrains flexibility compared to purely data-driven
approaches. Additionally, the current implementation is tailored to binary segmentation
of tower-like structures, leaving open questions regarding scalability to multi-class tasks
and more complex scenes. Finally, although interpretable, SCENE-Net may not always
match the raw performance of large black-box models, which could limit its adoption in
real-life applications. Looking forward, several promising research directions emerge:

* Extending to multi-class segmentation. Future work should explore the design of
GENEO observers with diverse geometric primitives (e.g., planes, ellipsoids, or com-
posite structures) to enable richer scene understanding beyond towers. Composing
multiple observers into a multi-class pipeline could preserve interpretability while
broadening applicability.

* Building a library of GENEOs. A standardized collection of reusable GENEO
operators could serve as a geometric foundation for a wide variety of 3D tasks. Such
a library would reduce the need for manual design in each application and foster

reproducibility across domains.

¢ Hybrid pipelines with black-box models. SCENE-Net can act as a feature extractor,
providing interpretable geometric knowledge to complement deep networks such
as transformers or sparse convolutions. This hybrid approach could combine the
transparency of GENEOs with the expressive power of black-box models, pushing
the state of the art.

¢ Industrial deployment and validation. Evaluating SCENE-Net in real-world UAV
inspection workflows, including integration with real-time processing pipelines,
uncertainty estimation, and human-in-the-loop systemes, is a critical next step for
adoption by utility operators.

We explore the first three directions in Chapters 6 and 7. In conclusion, SCENE-Net
demonstrates that embedding geometric inductive biases through GENEOs yields models
that are not only efficient and robust but also interpretable and industrially relevant.
While this work establishes a foundation for interpretable 3D semantic segmentation,
future research promises to expand its reach, blending human-understandable geometric

reasoning with the power of modern deep learning.
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SCceNE-NET V2: INTERPRETABLE
MuLTticrass 3D SceNE UNDERSTANDING

wITH GEOMETRIC INDUCTIVE BIASES

This chapter presents SCENE-Net V2, the first gray-box model for multiclass 3D semantic
segmentation that leverages Group Equivariant Non-Expansive Operators (GENEOs) to
encode geometric cues as interpretable inductive biases. The model builds upon the
foundations introduced in SCENE-Net (Chapter 5), extending the methodology from
pole-like object detection to a wider variety of 3D elements in the TS40K dataset and
demonstrating its applicability to complex, multiclass scenarios. We introduce novel
GENEO kernels that encode general geometric priors, such as the ellipsoid, enabling the
model to leverage shape information more effectively across different object classes. This
work has been published as “SCENE-Net V2: Interpretable Multiclass 3D Scene Understanding
with Geometric Priors” in the Geometry-grounded Representation Learning and Generative
Modeling (GRaM) Workshop at the 41st International Conference on ML (ICML 2024).

The chapter is structured as follows: (1) we introduce the motivation and contributions
of SCENE-Net V2; (2) we detail the methodology, including the GENEO framework,
novel geometric kernels, and architectural design; (3) we describe the experimental setup
on the TS40K dataset and present results alongside ablation studies and interpretability
analyses; (4) we conclude with a discussion of findings, limitations, and directions for
future research.

6.1 Introduction

Recent progress in 3D scene understanding has largely focused on scaling model capacity
and dataset size to achieve higher performance. For example, Point Transformer V3 [111]
more than tripled its parameters compared to Point Transformer V2 [110], while other
benchmarks such as (AF)?-S3Net [17], 2DPASS [115] and UniSeg [63] rely on multi-channel
fusion strategies that significantly increase computational and memory requirements. Al-

though effective, these approaches often disregard the intrinsic geometric information of
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Figure 6.1: 3D semantic segmentation of the TS40K dataset. For the sample in (a),
SCENE-Net V2 (b) correctly detects the supporting tower while the baseline CNN (c)
confuses medium vegetation with tower structures. By incorporating SCENE-Net V2 as a
geometric feature extractor in the same CNN architecture (d), segmentation performance is
substantially improved. This hybrid model achieves better delineation of grid components
by adding only 540 interpretable parameters, highlighting the efficiency and transferability
of GENEO-based priors.

point clouds, which can be essential for accurate and robust scene understanding. Further-
more, many real-world applications, including autonomous driving and infrastructure
monitoring, require models that are not only accurate, but also lightweight, transparent,
and ethically deployable [25, 38, 61].

In Chapter 5, SCENE-Net introduced a different paradigm: instead of relying on
opaque learned kernels, we employed Group Equivariant Non-Expansive Operators
(GENEOs) [8, 13] to embed geometric cues directly into the model architecture. With
only 11 interpretable parameters, SCENE-Net successfully detected pole-like structures
in multiple datasets, demonstrating the feasibility of white-box 3D scene understanding.
However, this model remained limited in scope: its reliance on a small set of hand-crafted
GENEQO s restricted its application to single-class detection tasks, and the strictly white-box
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formulation constrained its flexibility when scaling to complex, multiclass environments.

To address these limitations, we introduce SCENE-Net V2, the first gray-box model
for multiclass 3D semantic segmentation. This new version enhances the original design
along three key dimensions. First, we expand the set of GENEO kernels by introducing
novel geometric priors (disk, cone, ellipsoid) that capture a broader range of 3D structures
beyond pole-like elements. Second, we design a more expressive architecture capable of
handling multiclass segmentation tasks, bridging the gap between interpretability and
scalability. Finally, we demonstrate how GENEO-based operators can be combined with
standard black-box classifiers to form hybrid models that inherit interpretability from the
GENEOs while achieving improved performance with minimal additional parameters.
Figure 6.1 illustrates these advantages in practice.

In summary, our contributions are threefold:

* We propose SCENE-Net V2, the first gray-box model for multiclass 3D semantic
segmentation, combining interpretable GENEO-based operators with standard clas-
sifiers.

¢ We introduce novel GENEO kernels with general geometric priors, enabling the
detection of diverse 3D elements.

¢ We study the use of SCENE-Net V2 as a geometric feature extraction module for
black-box models, showing that it substantially improves performance at negligible

computational cost.

6.2 Methodology

6.2.1 Architecture Overview

SCENE-Net V2 is a gray-box architecture for multiclass 3D semantic segmentation that
combines an interpretable feature extractor based on GENEOs with a lightweight classi-
tier. Compared to SCENE-Net, which employed three task specific GENEOs and a single
white-box layer for pole detection, SCENE-Net V2 broadens the set of geometric inductive
biases by introducing additional families of GENEO kernels and by composing them into
multiple observers through convex combinations. This design preserves intrinsic geomet-
ric interpretability during feature extraction while enabling the SCENE-Net architecture
to evolve to multiclass settings through a simple classifier head.

Let P € RNXG+C) denote a point cloud with spatial coordinates and optional point
wise channels. The first step maps # to a functional representation via a measurement
@: R® — {0, 1} that marks voxel occupancy. This functional view is similar to SCENE-Net’s
and is central to GENEO theory, since operators act on functions. Next, the GENEO Layer
instantiates a family of parametric operators I' = {F}gj ;.”:1. Each operator is implemented as
a convolution on the voxelized domain, where the convolution kernel is not freely learned

but is a parametric function discretized on a grid generated from interpretable shape
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Figure 6.2: Overview of the SCENE-Net V2 pipeline. The input point cloud P € RN*(3+C)
is first mapped by a measurement function ¢ : R®> — {0, 1} onto a voxel grid that encodes
point occupancy. A GENEO Layer with m kernels discretized from a set of parametric

. . 9 . .
continuous functions {1“].] };”:1 that encode relevant geometric cues convoles the input

to extract shape information. These responses are combined into n GENEO observers
H = {H;}!_, by a convex coefficient matrix A € R, thereby yielding interpretable mid
level features in which each observer’s contribution can be traced back to specific geometric
priors. A voxel to point transformation aggregates voxel features at the original point
locations to form H’, which is then fed to a compact multi layer perceptron that outputs
per point semantic labels. Unlike standard CNNs, the number of trainable parameters
in the GENEO feature extractor depends on the number of kernels and observers rather
than on the discretization size of the kernels, which supports high resolution grids with
constant memory use.

parameters 9; that define a geometric prior. For instance, these parameters can include
radius and Gaussian spread for a cylinder or principal radii for an ellipsoid. Optimizing 9;
rather than arbitrary kernel weights maintains equivariance to the chosen transformation
group.

To effectively address the multiclass segmentation setting, SCENE-Net V2 introduces
a set of n GENEO observers H = {H;}"_,, each formed as a convex combination of the
GENEO Layer responses. This is a key difference from SCENE-Net, which used a single
layer with three operators. With a coefficient matrix A = (4;;) € R™ ™ the ith observer is

Hix) = ) AT} (@)). (61)
j=1

Because convex combinations of GENEOs are themselves GENEOs, each #; inherits
the equivariance and non expansiveness of its contributors. The nonnegativity and unit
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sum constraints on the rows of A give each observer a clear decomposition into the
contributions of the underlying GENEO kernels. This design allows SCENE-Net V2 to
express a rich variety of patterns in the data while retaining interpretability. In contrast,
SCENE-Net relied on a single observer and was focused on a specific pattern: pole
detection.

The observer feature maps are next transferred from the voxel grid back to the point
domain through a voxel to point transformation, yielding H” at the original point locations.
This step aligns the geometry-informed measurements with the point-based target label
for multiclass segmentation. Finally, a compact multi layer perceptron (Multi-Layer
Perceptron (MLP)) classifier maps H’ to class logits for each point, producing the final
per point predictions. This final stage is a black-box component, which is why the overall
model is gray-box. Nevertheless, the end to end prediction can still be analyzed by tracing
the classification weights to observers and then to the contributing GENEO kernels via A.

Two practical properties follow from this design. First, the parameter count of the
feature extractor depends on the number of kernels and observers but not on the kernel
discretization size. This decouples the model size from the grid resolution and enables
the use of larger 3D kernels without inflating the number of learnable parameters. Second,
because the learned quantities are the shape parameters and the convex coefficients, the
responses retain a direct geometric meaning. This facilitates the interpretation of the
model’s decisions in terms of the underlying geometric cues found in data. Finally, the
design allows for efficient backpropagation through the observer and GENEO layers,
ensuring that gradients are properly propagated to the shape parameters and convex
coefficients. These aspects unlock multiclass scene understanding for the SCENE-Net
architecture while preserving the interpretability and efficiency that characterize GENEO-
based models.

6.2.2 GENEO Kernels: Geometric Inductive Biases

SCENE-Net V2 leverages a diverse set of GENEO kernels, each tailored to capture a distinct
geometric pattern commonly found in 3D scenes. These kernels are defined as parametric
families of functions, with parameters that are optimized during training to fit the data
while preserving geometric interpretability. Figure 6.3 shows the discretized versions of
the three new kernels introduced in SCENE-Net V2, while the original three kernels from
SCENE-Net can be seen in Figure 5.5.

Formally, a GENEO I'® acts on ¢ € ®, where ® denotes the space of admissible
measurements ¢ : R3 — {0, 1}. Given a geometric prior g, normalized to g, the operator
is defined as

Piosw, y=re), v = [ ek -, (62)

where W is a new functional space representing the transformed point cloud. Positive

values of ¢'(x) correspond to regions where the prior geometry is detected, while negative
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(a) Disk (b) Cone

(c) Ellipsoid
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Figure 6.3: Visualization of the new GENEO kernels discretized in a voxel grid. The
three kernels (Cylinder, Arrow, Negative Sphere) from SCENE-Net can be visualized in
Figure 5.5 (see Chapter 5, Section 5.3.2) and are essential for describing pole-like objects and
suppressing spherical artifacts. SCENE-Net V2 extends this family with three additional
kernels (Disk, Cone, Ellipsoid) that generalize the range of geometric priors, enabling
the model to capture planar, conical, and ellipsoidal structures commonly present in
real-world 3D environments.

values penalize mismatched shapes. This construction enables each kernel to emulate a

human observer searching for specific geometric configurations in the data.

6.2.2.1 Cylinder, Arrow, and Negative Sphere

The Cylinder, Arrow, and Negative Sphere GENEOs were first introduced in SCENE-
Net (see Chapter 5, Section 5.3.2) to model power line supporting towers and suppress
vegetation. For convenience, we briefly recall them here.

109



CHAPTER 6. SCENE-NET V2: INTERPRETABLE MULTICLASS 3D SCENE
UNDERSTANDING WITH GEOMETRIC INDUCTIVE BIASES

Cylinder GENEO. The cylinder kernel is rotationally equivariant around the z-axis and
translationally equivariant in the xy plane. Its parameters $c,, = [r, o] define the cylinder

radius and the Gaussian spread:

8v(0) = exp (5 (1200 — 20> - 1)),

This kernel is essential for detecting tower shafts and other cylindrical structures. Fig-
ure 5.5a illustrates this operator discretized in a voxel grid.

Arrow GENEO. The arrow kernel combines a cone and a cylinder to represent elongated
vertical structures with tapered ends. Its parameters 94, = [r,0,h, 1., f] control the

dimensions and inclination, and v(x) denotes the height of point x the reference space:

exp (=512 — 21> - 2 o(x) < I

gar(x) = exp (—ﬁ(llz(x)—Z(C)”Z_(rC tan(ﬁn))2)2), otherwise.

Figure 5.5b depicts the arrow kernel. Even though it is generalized from the cone and
cylinder kernels, it is still particularly useful for detecting power line supporting towers,
as it captures both the shaft and the connecting power lines.

Negative Sphere GENEO. This kernel was originally used to suppress spherical vege-
tation crowns that caused false positives in SCENE-Net. Its parameters Sns = [r, 0, w]
control radius, spread, and weighting factor:

1
gns(x) = —wexp [-= (|lx =l = )

202

In SCENE-Net V2 we lift the constraint w > 0, allowing it either to suppress or enhance
spherical structures depending on the data. In Figure 5.5c, we show the resulting negative
sphere kernel.

6.2.2.2 Disk GENEO

The disk kernel enables the model to capture planar surfaces. It is rotationally equivariant
around the z-axis, but also includes learnable rotation angles ¢, and ¢, around the x and

y axes. Its parameters Spx = [¢x, ¢y, 0,7, h] define orientation, radius, and location:

exp (_217 (|IZ(R¢X,¢y(x)) —z(o)|I* - rz)z) , 0(0)(Rg,,6,(x) = h,

0, otherwise.

gok(x) =

This kernel captures ground, building facades, and other flat surfaces in multiple orienta-
tions. Figure 6.3a depicts this operator.
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6.2.2.3 Cone GENEO

The cone kernel is designed for small conical shapes such as vegetation tips or architectural
features. It provides rotational equivariance around the z-axis. Its parameters 9 = [r, 0, 8]

govern the base radius, Gaussian spread, and inclination:

gen(®) = exp —5 5 (1120 = 20} - (rtan(Br))° .

It generalizes the arrow prior by modeling standalone conical structures. Figure 6.3b

illustrates the resulting cone kernel.

6.2.2.4 Ellipsoid GENEO

The ellipsoid kernel generalizes the negative sphere by allowing anisotropic scaling along
the three axes. It adapts to diverse shapes such as elongated crowns or irregular objects.

Its parameters 9 = [a, b, ¢, w] define the radii and scaling factor:
gr(x) = wexp (-3(x —c)"Z M (x - ¢)), Y = diag(a®, b2, ¢?).

This kernel is particularly useful for modeling elongated or flattened structures that

spherical priors cannot capture. Figure 6.3c illustrates this operator discretized.
Together, these six GENEO kernels enable SCENE-Net V2 to model a significantly

broader set of 3D structures than its predecessor, while retaining interpretability through

their explicit geometric parametrization.

6.2.3 Optimization Strategy

Training SCENE-Net V2 requires preserving the mathematical properties of the GENEO
framework while adapting the parameters to data. In particular, the convex structure of the
observers and the non-negativity of the shape parameters must be maintained through-
out optimization. This distinguishes SCENE-Net V2 from conventional convolutional
networks, where kernels are freely optimized without such constraints, but also from
SCENE-Net, whose simple design did not warrant additional regularization mechanisms.

Formally, the learning objective is defined as

r/r\ﬁé\ E(X,y)~1) [-Eseg(A/ 3 X, y)] (6.3)

st. Ae A" 9 eRT

where A"~1X" denotes the (m—1)-dimensional simplex for each of the  observers, ensuring
that the convex coefficients A form valid convex combinations of GENEO kernels, and RT
is the non-negative orthant for most shape parameters 9. These constraints are essential

to maintain the semantic meaning of parameters such as radii or scaling factors.
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Segmentation loss. The segmentation loss L. is defined as a weighted cross-entropy:

Leg(N, 9, X, y) = fola, €;y) CE(Ma,5(X), y), (6.4)

where My, ¢(X) denotes the model output, CE the cross entropy loss, and f,(a, €;y) a
weighting function that corrects for class imbalance as proposed by Steininger et al. [90].
The hyperparameter a controls the emphasis on minority classes, while € prevents weights
from vanishing. This weighting scheme is particularly relevant for TS40K, where trans-

mission system classes are strongly underrepresented.

Reparametrization of A. To simplify optimization, the convexity constraint on A can be
simplified by reparametrization, just as in SCENE-Net. Specifically, for each observer j,

we set
m—1
Amj=1=>" Aij, (6.5)
i=1

which reduces the constraint set to A € R”*" and & € RL. The optimization problem then

becomes

min - E(x y)-p [Les(2, X, )] (6.6)

st. A>0, 9>0.
Soft Regularization. To further guide the optimization, we add a regularization term
composed of two components: a non-negativity penalty on appropriate GENEO param-
eters, which ensures that the shape parameters remain non-negative, and an Elastic Net

penalty [124] on the convex coefficients A, which encourages the model to specialize
observers in different aspects of the data. This yields the final optimization problem

min - Exy)-p [ Leg(A, 8 X, 9)] + Q(A, 9). (6.7)

The regularizer is defined as

n o m T
QA 9) = pi| D0 Y h(Asj) + > () (6:8)
j=1 i=1 i=1
+pi|n 1Al +@=m) > > lIA 3],
j=1 i=1 j=1 i=1

where h(x) = max(0, —x) penalizes negative values, p; and p; control the strength of the
two penalties, and 7 € [0, 1] balances sparsity (L!) against weight decay (L?).

This formulation promotes two desirable behaviors. First, non-negativity ensures
the interpretability of parameters such as radii or inclinations. Second, the Elastic Net
encourages observers to specialize by pruning redundant kernels or preventing trivial
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convex combinations. As a result, SCENE-Net V2 focuses on meaningful geometric cues
and adapts them effectively to the data, balancing various learned shapes with respect to
different target classes. This extends the simple but rigid formulation of SCENE-Net into

a more expressive optimization framework suitable for multiclass tasks.

6.2.4 Interpretability Mechanism

A central feature of SCENE-Net V2 is its mechanistic interpretability, which differs from
the intrinsic interpretability of SCENE-Net due to the introduction of an MLP classifier.
Unlike SCENE-Net, where parameters could be analyzed at face value to understand
their direct impact on predictions, SCENE-Net V2’s observer outputs are processed by
a black-box MLP, preventing direct interpretation of how these features are utilized for
classification. However, this design still enables mechanistic understanding through the
convex combination of GENEO kernels into observers. Each observer H; is expressed as a
weighted sum of interpretable kernels (Equation 6.1), with coefficients A;; that quantify the
relative importance of each geometric prior. The convex coefficients A can be inspected to
identify which priors dominate a given observer, enabling users to trace class activations
back to specific observers and then analyze the geometric biases that compose them. For
example, in the analysis of TS40K samples, observers with large weights on the disk
prior were consistently associated with the detection of power lines, while combinations
involving the cylinder prior captured the body of towers. This mechanistic approach allows
tracing predictions to concrete geometric evidence through a concrete path: starting at the
prediction, to the observer activation, and arriving at the geometric prior composition.
This mechanism provides superior interpretability compared to post-hoc explainabil-
ity methods, which attempt to justify or rationalize the decisions of black-box networks
after training [61, 82]. While such methods rely on human interpretation and external
approximations, SCENE-Net V2’s interpretability is mechanistic and built into the ar-
chitecture itself. Although the final classification is performed by a black-box MLP, the
ability to systematically link predictions back to interpretable observer activations and
their geometric compositions renders SCENE-Net V2 a gray-box model that maintains

transparency throughout the feature extraction process.

6.3 Experiments

6.3.1 Experimental Setup

Dataset. We evaluate SCENE-Net V2 on the TS40K dataset, introduced in Chapter 3,
a large-scale outdoor LiDAR dataset of electrical transmission systems across Europe
in rural areas. Building upon the foundations of SCENE-Net, our approach directly
addresses one of its primary limitations: the restriction to single-class pole-like object
detection. While the original SCENE-Net demonstrated the viability of interpretable 3D
scene understanding through GENEOs, its use was constrained to a specific object type,
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Table 6.1: Key architectural differences between SCENE-Net V2 and the CNN baseline.
Both models share the same overall architecture and classifier head. The difference lies
entirely in the feature extraction stage: SCENE-Net V2 employs GENEO-based kernels,
whereas the CNN baseline uses unconstrained convolutional kernels.

Component CNN Baseline SCENE-Net V2
Feature extraction Standard 3D convolutions | GENEO-based convolutions with
with random kernel weights | interpretable shape parameters
Kernel dependency Parameter count scales with | Parameter count independent of
kernel size kernel size (depends on number
of GENEOs and observers)
Parameter meaning Unconstrained weights with- | Geometric quantities such as radii,
out semantic meaning angles, and focal points
Classifier head Multi-Layer Perceptron | Multi-Layer Perceptron (shared)
(shared)
Interpretability None (black-box) Interpretability through convex
weights and shape parameters
(gray-box)

namely transmission towers and similar vertical elements. SCENE-Net V2 extends this

paradigm by introducing a multiclass semantic segmentation framework.

Baselines. To assess performance, we compare SCENE-Net V2 against several represen-
tative 3D semantic segmentation methods: PointNet [78], PointNet++ [79], KPConv [96],
RandLA-Net [44], Point Transformer V1 [121], Point Transformer V2 [110], and Point Trans-
former V3 [111]. Additionally, we implement a CNN baseline that mirrors the architecture
of SCENE-Net V2 but replaces GENEO-based kernels with standard convolutional ker-
nels initialized at random. This comparison isolates the effect of replacing unconstrained
kernels with interpretable GENEO operators. In theory, the CNN kernels have the abil-
ity to instantiate the learned geometric kernels, but without the explicit interpretability
provided by GENEOs and with considerably more parameters.

Implementation details. For SCENE-Net V2, GENEO parameters ¥ are initialized in
positive ranges consistent with their geometric meaning (e.g., non-negative radii). Convex
coefficients A are initialized uniformly within a normalized range to promote diversity
across observers. Training is performed end-to-end using the Adam optimizer with an
initial learning rate of 1073, batch size of 16, and 150 epochs. Both negativity penalties
and Elastic Net regularization are applied with coefficients p; = p; = 107* and Elastic Net

balance parameter n = 0.5.

6.3.2 Results and Analysis

Overall performance. Table 6.2 reports segmentation results on the TS40K test set.
Among existing baselines, Point Transformer V3 [111] achieves the highest overall accuracy
with an mloU of 68.34% using 46.2 million parameters. Point Transformer V2 [110]
reaches 65.58% mloU with 12.8 million parameters, while Point Transformer V1 [121]
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Table 6.2: 3D semantic segmentation results on the TS40K test set. We report mean Inter-
section over Union (mIoU %), number of parameters, parameter efficiency ot mloU

log, ,(#Parameters)’
and whether the model is interpretable.

Method mloU (%) #Parameters (M) Parameter Efficiency Interpretable?
PointNet [78] 44.58 0.40 7.96 No
PointNet++ [79] 46.90 1.48 7.60 No
KPConv [96] 57.58 14.9 8.03 No
RandLA-Net [44] 16.76 1.24 2.75 No
Point Transformer V1 [121] 62.67 6.3 9.22 No
Point Transformer V2 [110] 65.58 12.8 9.23 No
Point Transformer V3 [111] 68.34 46.2 8.92 No
CNN Baseline 41.69 0.26 7.69 No
SCENE-Net V2 (Ours) 45.54 0.24 8.46 Yes
SCENE-Net V2 + CNN (Ours) 50.21 0.26 9.27 Yes

achieves 62.67% mloU using only 6.3 million parameters, demonstrating the best parameter
efficiency among transformer-based methods. By contrast, SCENE-Net V2 reaches a mean
IoU of 45.54% with only 240k parameters from which only 540 make up the GENEO-based
feature extraction, the remaining parameters are used for the classifier head. This yields
competitive parameter efficiency while being the only model in this comparison to offer

intrinsic interpretability.

Baseline comparison. SCENE-Net V2 differs from the CNN baseline only in how their
kernels are parameterized (Table 6.1). While both models share the same classifier head
and architecture, the CNN baseline relies on unconstrained kernels whose number of
parameters scales with kernel size. In contrast, SCENE-Net V2 employs an interpretable
GENEO Layer whose parameterization is independent of kernel size. This results in
fewer parameters (0.24M vs. 0.26M) and higher performance (45.54% vs. 41.69%). This is
especially notable given that the CNN feature extraction process boasts of 21.4K parameters
whereas the GENEO Layer only requires 540 parameters. Thus, replacing random kernels
with GENEO priors provides both interpretability and better performance in the TS40K

dataset.

Hybrid model. Finally, we explore the use of SCENE-Net V2 as a feature extraction
module for standard black-box models. By prepending a GENEO feature extraction
layer with only 540 additional interpretable parameters to the CNN baseline, mean IoU
improves by 8.52%, from 41.69% to 50.21%, and parameter efficiency increases to 9.27, the
highest among all tested models. Remarkably, this represents an improvement of almost
2 points in parameter efficiency (from 7.69 to 9.27) by simply adding SCENE-Net V2 as a
geometric feature extractor. The hybrid model achieves the best parameter efficiency in
the entire comparison, outperforming even the Point Transformer variants that require
orders of magnitude more parameters. While the hybrid model’s raw performance
(50.21% mloU) lags behind transformer-based methods, it remains highly competitive
with KPConv (57.58% mloU), which requires 57x more parameters (14.9M vs. 0.26M). This
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Table 6.3: Performance of SCENE-Net V2 on the TS40K validation set with different kernel
sizes. We report mean IoU (mloU %) and per-class IoU (%) scores.

Kernel Size (z, x,y) | mloU | Ground Low Veg. Med. Veg. Tower Power Line
3,3,3) 28.09 | 52.22 9.74 25.13 19.89 33.45
(5,5,5) 33.15 | 52.78 14.13 26.15 20.76 51.94
(7,7,7) 36.08 | 61.44 13.78 28.41 34.57 42.19
9,9,9 37.08 | 59.53 11.08 28.24 20.26 66.31
9,5,5) 3771 | 5817 12.34 27.09 19.75 71.22
9,7,7) 32.68 | 57.77 12.29 27.53 22.85 42.97

(12,12, 12) 3529 | 57.30 9.21 29.34 22.98 57.62
(12,5,5) 4554 | 64.49 17.84 34.79 21.92 88.66
(12,7,7) 32.62 | 53.66 12.94 28.92 17.24 50.36
5,99 32.04 | 60.36 11.45 29.24 16.28 42.86
(5,12,12) 33.47 | 55.49 14.53 28.23 16.98 52.12

demonstrates the potential of GENEO-based methods not only as standalone interpretable
architectures but also as highly efficient modular components that can enhance the feature
space of 3D point clouds for black-box models with minimal computational cost.

6.3.3 Ablation Studies

To better understand the design choices behind SCENE-Net V2 in the TS40K validation set,
we conduct a series of ablation studies that systematically evaluate the influence of kernel
size, the number of observers, the number of GENEO kernels per prior, the use of multiple
GENEDO layers, and the contribution of each geometric prior. These experiments serve two
purposes: first, to identify configurations that maximize segmentation performance on

TS40K, and second, to shed light on how geometric inductive biases affect model behavior.

Kernel size. Table 6.3 summarizes the impact of kernel discretization size on segmenta-
tion performance. Very small kernels, such as (3, 3, 3), perform poorly with a mean IoU of
28.09%, as they fail to capture sufficient geometric context. Larger isotropic kernels such as
(9,9,9) improve accuracy, but overly coarse discretizations dilute shape information since
negatively weighted voxels dominate over positive ones. The best results are obtained
with the elongated kernel (12,5, 5), which achieves the highest mean IoU of 45.54%. It
is important to note that this applies to the TS40K dataset where elongated structures
are prevalent, but cannot be generalized to other datasets. This suggests that adapting
kernel shapes to the specific geometric characteristics of the data is crucial for optimal
performance. Conveniently, our approach lets us use the kernel size as a hyperparameter,

allowing us to tailor kernel size post-hoc to maximize performance.

Number of observers. We next study the number of convex observers. As shown in
Table 6.4, the best performance is obtained with 16 observers, achieving a mean IoU
of 35.79%. Increasing beyond this number leads to decreased accuracy, likely due to
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Table 6.4: Performance of SCENE-Net V2 on the TS40K validation set with different
numbers of observers and kernel size (7,7,7).

Observers | mloU | Ground Low Veg. Med. Veg. Tower Power Line
8 32.87 | 59.30 18.57 26.74 15.93 43.82
16 35.79 61.44 12.89 28.65 34.52 41.47
32 3217 | 60.53 14.12 26.95 16.74 42.51
64 28.64 | 57.08 10.57 26.32 11.94 37.29
128 2939 | 55.76 10.92 27.16 13.58 39.53

Table 6.5: Performance of SCENE-Net V2 on the TS40K validation set with different
GENEO kernel counts per geometric prior.

Kernels/prior | mloU | Ground Low Veg. Med. Veg. Tower Power Line
4 30.73 | 55.45 10.73 27.86 25.39 34.21
8 37.57 | 58.87 12.76 28.01 17.98 70.21
16 35.79 61.44 12.89 28.65 34.52 41.47
32 31.89 | 59.90 11.14 28.27 20.59 39.58
64 33.37 | 60.95 13.75 29.06 21.13 41.98
128 29.05 | 49.24 11.28 25.57 37.01 22.13

redundancy and overfitting. This suggests that a moderate number of observers suffices
to combine geometric priors effectively. We hypothesize that the optimal number of
observers is related to the number of target classes and the geometric complexity of
the dataset. It is plausible that having a number of observers comparable to or slightly
exceeding the number of classes could help the model allocate specialized observers to
distinct semantic categories or complex structures. However, further experiments would
be needed to rigorously establish such a relationship. In practice, tuning the number of

observers remains an empirical process that can be optimized to improve performance.

Number of GENEO kernels. We further investigate how the number of GENEO kernels
per geometric prior influences performance. Table 6.5 shows that using 8 kernels per
prior yields the highest mean IoU of 37.57%. Increasing the number of kernels beyond
this point leads to diminishing returns and even performance degradation, with 128
kernels resulting in a mean IoU of only 29.05%. This suggests that adding excessive kernel
redundancy does not enhance model expressivity and may, in fact, dilute the effectiveness
of the observers. As the number of GENEO kernels grows, the convex weights become
more dispersed, making it harder for observers to specialize and increasing the risk
of spurious or irrelevant kernel contributions, even when Elastic Net regularization is
applied.

Going Deeper? Multiple GENEO layers. In contrast to black-box models, which often
benefit from deeper architectures, stacking multiple GENEO layers in SCENE-Net V2 does
not yield performance gains. As shown in Table 6.6, introducing additional GENEO layers
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Table 6.6: Performance of SCENE-Net V2 on the TS40K test set with different numbers of
GENEQO layers.

GENEO Layers | mloU | Ground Low Veg. Med. Veg. Tower Power Line
(16) 35.79 | 61.44 12.89 28.65 34.52 41.47
(8,16) 28.10 | 48.79 11.26 25.24 21.73 33.49
(8,16,32) 28.67 | 58.43 10.97 26.53 11.84 35.59
(8,16,32,64) | 2795 | 51.83 11.87 25.79 20.36 2991

Table 6.7: Performance of SCENE-Net V2 on the TS40K validation set with different
geometric priors ablated (16 observers).

Prior Ablation mloU | Ground Low Veg. Med. Veg. Tower Power Line
No Cylinder 2696 | 50.34 7.50 25.86 11.19 39.91
No Negative Sphere | 33.03 | 55.63 6.17 29.36 43.23 30.75
No Arrow 36.83 | 63.01 18.41 31.32 20.01 51.38
No Disk 2793 | 40.31 7.83 25.32 36.44 29.75
No Cone 3459 | 62.04 6.42 29.17 18.04 57.26
No Ellipsoid 33.72 | 51.18 9.42 27.35 40.71 39.92
All GENEOs 37.57 | 58.87 12.76 28.01 17.98 70.21

beyond the first actually degrades segmentation accuracy. The optimal configuration
uses a single GENEO layer with 16 observers, achieving a mean IoU of 35.79%. Adding
further layers (e.g., with 8, 16, or 32 GENEOs) consistently reduces performance. This
behavior aligns with the theoretical foundations of GENEOs: the output space W after
a GENEO transformation is fundamentally different from the input measurement space
®, and subsequent GENEO layers are not inherently designed to process features in .
As a result, stacking GENEO layers does not produce additional meaningful geometric
features. Rather than being a limitation, this property highlights that a single GENEO layer
is sufficient for extracting interpretable geometric features in 3D scene understanding.

Geometric prior ablations. Finally, we ablate individual priors to quantify their con-
tributions. Table 6.7 shows that removing the Cylinder GENEO causes the most severe
drop (mloU 26.96%), which highlights its importance for tower detection. In contrast, the
Arrow GENEO contributes least, as its role can be approximated by the Cylinder and
Cone priors. Negative Sphere and Ellipsoid exhibit similar effects, consistent with their
functional overlap. Overall, the full set of priors achieves the best performance, confirming
their complementary roles.

The ablation studies reveal three key findings. First, kernel discretization plays a
central role: elongated kernels capture geometric structures more effectively in the TS40K
dataset. Second, a moderate number of observers (16) and GENEO kernels (8 per prior)
achieve the best performance. Finally, not all priors contribute equally: the Cylinder
GENEDO is indispensable for tower detection, while others could be seen as redundant.
Still the overall performance benefits from the full set of priors, confirming their relevance

in model performance.
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Figure 6.4: Visualizing the inner workings of SCENE-Net V2. Left: a GENEO observer
constructed as a convex combination of geometric priors. Right: the corresponding model
predictions obtained after classification. By examining convex coefficients, one can identify
the dominant priors driving the observer’s response. In this example, the classification
of power lines is mainly aided by the geometric cues of the disk prior. Specifically, we
traced back the strong activation of this observer to a disk kernel with minimal rotation
and small radius parameters, indicating that the model has learned to associate horizontal
planar structures with power line geometry:.

6.3.4 Interpretability of SCENE-Net V2

SCENE-Net V2’s mechanistic interpretability enables detailed analysis of model behavior
by inspecting observer activations and their main geometric priors. Unlike black-box ap-
proaches that require explainable methods, our model’s design allows direct examination
of how geometric biases contribute to specific predictions. In Figure 6.4, a specific observer
shows strong activation patterns that correlate with power line detection. Decomposition
of this observer’s convex coefficients reveals dominance of the disk prior with minimal
rotation and small radius parameters, indicating the model has learned to associate hor-
izontal planar structures with power line geometry. The classifier then leverages this

observer to correctly segment power lines in the scene.

6.4 Conclusions and Future Work

In this chapter, we introduced SCENE-Net V2, the first gray-box model for multiclass
3D semantic segmentation. By leveraging Group Equivariant Non-Expansive Operators
(GENEOs), SCENE-Net V2 incorporates fundamental geometric priors in its feature
extraction step, bridging the gap between interpretable white-box and flexible black-box
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approaches.

We addressed the key limitations of our predecessor model, SCENE-Net, by signifi-
cantly expanding its scope of application from pole-like structures to multiclass scenarios
with diverse 3D elements. Our approach demonstrates that GENEOs can be effectively
used for multiclass classification without requiring manual curation of specific kernel sets
for each individual object class, a process that would be time-consuming and difficult
to compose systematically. Instead, our convex combination of complex observers from
simple geometric shapes allows the model to automatically learn meaningful patterns.
The addition of the black-box MLP classifier provides the model with the flexibility needed
for multiclass tasks while still retaining its unique mechanistic interpretability through the
GENEO-based feature extraction stage. This gray-box design enables practitioners to trace
predictions back to specific GENEO kernels, offering superior transparency compared to
post-hoc explanations of black-box models.

Our experimental results demonstrate that SCENE-Net V2 achieves competitive per-
formance with the lowest parameter count among interpretable models (240k parameters,
with only 540 for the GENEO feature extractor). Most significantly, incorporating SCENE-
Net V2 as a geometric feature extraction module in black-box models leads to substantial
performance improvements (8.52% mloU increase in the baseline CNN) with only 540

extra parameters.

Limitations. Despite these contributions, SCENE-Net V2 has several important limita-
tions that must be acknowledged. First, while our model achieves competitive parameter
efficiency, its raw accuracy (45.54% mloU) remains lower than state-of-the-art black-box
networks such as Point Transformer V3 (68.34% mloU). Second, the introduction of the
MLP classifier results in a partial loss of interpretability compared to the fully white-box
SCENE-Net. While we maintain mechanistic interpretability through the observer de-
composition, the final classification with a black-box model prevents the analysis of how
extracted features are utilized for decision-making.

Most critically, our evaluation is limited to the TS40K dataset rather than large-scale
state-of-the-art benchmarks. This limitation stems from the memory-intensive nature of
voxelizing large-scale scenes with sufficient resolution for our method. The discretization
process represents our biggest computational bottleneck. Related work has demonstrated
that point-based methods consistently outperform voxel-based approaches, highlighting
a fundamental architectural limitation that constrains our method’s scalability to large

datasets.

Future Work. The limitations identified above provide clear directions for future re-
search. Most immediately, addressing the discretization bottleneck represents a critical
priority. Developing point-based variants of GENEO operators could eliminate the mem-
ory constraints associated with voxelization while potentially improving performance on

large-scale benchmarks.
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Beyond this, several research directions emerge from this work. First, extending
GENEO-based models to additional domains such as urban scene understanding, au-
tonomous driving datasets, and indoor environments. Second, deeper exploration of
hybrid architectures that balance interpretability and scalability represents a promising
avenue. Our results with the SCENE-Net V2 + CNN hybrid suggest that GENEO-based
feature extractors can serve as effective modular building blocks in standard deep learning
pipelines. Investigating how to integrate geometric priors into various architectures while
maintaining computational efficiency could lead to higher performant models allied with
interpretability. We explore this in more detail in Chapter 7, where we propose a novel
framework for incorporating geometric priors into point-based networks.

In summary, SCENE-Net V2 establishes the feasibility of gray-box multiclass 3D
semantic segmentation and demonstrates the value of geometric inductive biases in
achieving parameter-efficient interpretable models. While computational limitations
constrain its immediate applicability to the largest datasets, the foundational principles
and hybrid architecture insights provide a roadmap for developing the next generation of

interpretable 3D scene understanding systems.
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7

GIBLY: A LiIGHTWEIGHT GEOMETRIC
INDucTIVE Bi1as LAYER FOR 3D ScCENE

UNDERSTANDING

This chapter introduces GIBLy, a lightweight and architecture-agnostic framework that
integrates explicit geometric inductive biases into point-based neural networks for 3D scene
understanding. The work builds directly upon the contributions and limitations of SCENE-
Net V2 (presented in Chapter 6). While SCENE-Net V2 demonstrated the feasibility of gray-
box multiclass segmentation by combining Group Equivariant Non-Expansive Operators
(GENEOs) with black-box classifiers, it also exposed several challenges. Namely, the
accuracy gap when compared to state-of-the-art point-based networks, the computational
bottleneck caused by voxelization, and the restriction of experiments to the TS40K dataset.
These limitations highlighted the need for a new approach capable of achieving scalability
and performance improvements across large-scale benchmarks.

GIBLy is designed to meet this need. It re-introduces learnable parametric geometric
primitives that now operate directly on raw point clouds, thereby eliminating voxelization
constraints. Following SCENE-Net V2, GIBLy is lightweight, modular, and focuses on
retrieving explicit geometric features for 3D backbone networks. By adding only a small
number of parameters while remaining fully compatible with a wide range of architectures,
including MLPs, convolutional networks, and transformers, GIBLy improves performance
consistently across datasets and backbones, while preserving interpretability at the feature
extraction level.

The remainder of this chapter is organized as follows. First, we provide an introduction
that motivates the need for GIBLy by revisiting the limitations of SCENE-Net V2 and
positioning a point-based approach as a scalable solution. Next, we present the design
of the Geometric Inductive Bias Layer, detailing its formulation. We then describe the
experiments, including implementation details, evaluations across multiple datasets and
architectures, and ablation studies to assess the influence of key design choices. Finally,
we conclude by summarizing the contributions of GIBLy, discussing how it addresses the
shortcomings of SCENE-Net V2, and outlining promising directions for future work.
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Figure 7.1: GIBLy injects learnable geometric priors to improve 3D understanding. Top:
lustration of a Cylinder geometric inductive bias (GIB) applied to a local point cloud
neighborhood N, such as a chair leg. The GIB is parameterized by a learnable orientation
¢ and radius r, and computes an alignment score that quantifies how well the points fit
the cylindrical primitive. Bottom: Quantitative results on the TS40K dataset [51] show
that introducing a single GIB-Layer (GIBLy) into various backbone architectures leads
to substantial improvements in mean Intersection-over-Union (mloU), with gains up to
+11.5% for Point Transformer V3 [111], while adding only 58K additional parameters. This
demonstrates that GIBLy provides a lightweight and effective way to inject interpretable
geometric knowledge into 3D Deep Learning (DL) models.

7.1 Introduction

3D data is ubiquitous in applications such as autonomous driving, augmented reality, and
robotics. State-of-the-art methods in 3D scene understanding can be broadly categorized
by their feature extraction strategies. Point-based approaches such as PointNet [78] and
PointNet++ [79] rely on shared multilayer perceptrons to extract features directly from raw
point clouds. Convolution-based methods instead impose regularity by rasterizing point
clouds into volumetric grids [72, 73, 77] or by defining kernels that operate directly on
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irregular point sets [58, 96, 109]. More recently, transformer-based architectures [48, 106,
110, 111, 121] have emerged, exploiting attention mechanisms [104] to achieve superior
point-wise feature extraction and segmentation accuracy.

Despite their progress, these methods typically rely on learning geometric relation-
ships implicitly from data rather than incorporating explicit geometric priors that could
guide feature extraction more directly. As a result, networks often require large mod-
els, substantial training data, and significant computational resources to rediscover basic
geometric structures that are common across tasks. For example, a model may need
to learn from scratch what a flat surface or elongated cylinder looks like, even though
these are universal concepts that could be encoded as priors. Convolutional networks
succeed in image processing precisely because of built-in inductive biases such as locality
and translation equivariance. In contrast, many 3D backbones, particularly MLPs and
transformers, lack analogous built-in geometric biases and must learn spatial relationships
entirely from data. This gap motivates new approaches to integrate explicit geometric
cues into 3D models in a way that is lightweight, interpretable, and architecture-agnostic.

An example of this line of research is SCENE-Net V2, which constituted a significant
advancement towards interpretable multiclass 3D semantic segmentation. By employing
Group Equivariant Non-Expansive Operators (GENEOs), SCENE-Net V2 showed how
geometric inductive biases can be integrated into feature extraction, thereby bridging the
gap between the fully interpretable SCENE-Net and the flexibility of black-box models.
However, as detailed in Chapter 6, three limitations constrain the scalability of this
approach. First, despite its parameter efficiency, SCENE-Net V2 demonstrated a persistent
accuracy gap relative to state-of-the-art point-based networks such as Point Transformer V3.
Second, its dependence on voxelization imposed substantial computational bottlenecks,
precluding evaluation on large-scale datasets such as SemanticKITTI [6]. Third, the
experimental validation was largely confined to the TS40K dataset, which limits the scope
of its findings and claims.

To address these challenges, we propose GIBLy: a lightweight geometric inductive
bias layer that directly tackles the shortcomings of SCENE-Net V2 while advancing the
broader goal of integrating explicit geometric priors into 3D DL. GIBLy eliminates the
need for voxelization, scales efficiently to large datasets, and bridges the accuracy gap
with point-based methods. By re-introducing learnable parametric primitives, such as
cylinders, cones, disks, and ellipsoids, that operate directly on raw point clouds, GIBLy
provides interpretable, shape-aware features for any 3D architecture. This approach adds
minimal parameters yet consistently enhances performance and interpretability across
MLPs, convolutional networks, and transformers.

Our main contributions are:

* We introduce GIBLy, a geometric inductive bias layer that is lightweight, inter-
pretable, and architecture-agnostic. It provides explicit geometric cues for 3D scene
understanding and can be seamlessly integrated into diverse 3D backbones.
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¢ We demonstrate that GIBLy improves performance across a wide range of seg-
mentation models and benchmarks with minimal additional parameters and no
modifications to the base architecture, often boosting mloU by up to 10% with only

50K additional parameters.

* We provide extensive ablation studies showing how placement strategy, neighbor-
hood size, number of GIB instances, and primitive families influence performance

and efficiency.

7.2 The Geometric Inductive Bias Layer (GIBLy)

7.2.1 Geometric Inductive Biases (GIBs)
7.2.1.1 Motivation.

A fundamental observation in 3D scene understanding is that many objects can be de-
scribed as combinations of simple geometric primitives. A common table, for example, can
be abstracted as a flat horizontal plane representing the tabletop supported by four vertical
cylinders corresponding to its legs. Likewise, natural environments contain elements such
as tree trunks or rocks that can often be approximated by cylinders and ellipsoids. Thus,
we argue that these primitives provide a compact language for describing shapes that are
recurrent in both man-made and natural scenes. However, despite their ubiquity, these
structures exhibit variations in scale, proportion, and orientation. A table leg can be thicker
or thinner, or a tree trunk can be tilted. Relying on fixed handcrafted priors is therefore too
rigid for robust scene interpretation. Previous approaches that incorporated geometric
priors [10, 52] were restricted to narrow application domains precisely because their
priors could not adapt to diverse scenarios. Contrastingly, our work shifts perspectives:
we use GIBs as a general mechanism to extract explicit geometric relationships between
points in a point cloud. Rather than constraining the network to operate solely within
the space defined by these primitives, we compute GIB alignment scores as additional
features and concatenate them to the original point cloud representation. This enables
state-of-the-art architectures, such as Point Transformer V3, to leverage geometric cues
alongside learned features, improving performance and generalization across diverse 3D

scene understanding tasks.

7.2.1.2 GIBs on raw point clouds.

A key design choice in GIBLy is to apply geometric inductive biases directly to raw point
clouds, thereby avoiding the need for voxelization. Point clouds differ fundamentally from
images since they lack a fixed grid structure: points are irregularly distributed in three-
dimensional space with varying density. This irregularity makes standard convolutional
kernels, which rely on a fixed grid, difficult to apply directly.
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Point-based convolution methods overcome this limitation by operating on local
neighborhoods of each query point. For a point x, its neighborhood N is defined by the
set of nearby points within a chosen radius. By focusing on these local regions, point-
based convolutions can capture geometric relationships without requiring a structured
grid. Importantly, this strategy is naturally translation equivariant: the detection of a
cylinder or plane, for example, is independent of where it is located in space, which is a
desirable property for geometric feature extraction.

A point cloud can be formally represented as P € RN*G+C) where N is the number of
points and 3 + C denotes spatial coordinates together with any additional features such

as intensity or color. A continuous convolution over # can be written as

®e900= [ sty-xfwdy, 7

where f : R3 — RC is the underlying continuous signal represented by the point cloud
and g is a kernel function. In practice, this integral is approximated by summing over the
neighborhood N, of x:
P+~ > gy -%f(y). (7.2)
yeNy
In standard point-based convolution, the kernel g is often parameterized by a multi-
layer perceptron because of its universal approximation capabilities [58, 109, 113]. However,
MLP-based kernels must learn spatial relationships entirely from data, which increases
the complexity of training, slows convergence, and reduces robustness to unseen configu-
rations. Geometric inductive biases alleviate this problem by constraining ¢ to take the
form of a geometric basis function. Instead of a kernel with arbitrary parameters, we
define g as

8(z) = n(z; 9), (7.3)

where 7 is a geometric function encoding a primitive shape (such as a radial basis function)
and ¥ are learnable parameters controlling its characteristics (e.g., radius, orientation, or
thickness). This formulation allows networks to directly encode meaningful geometric
structures while retaining flexibility. Crucially, the parameters 9 remain interpretable

since they correspond to geometric quantities rather than arbitrary MLP weights.

7.21.3 Designing GIBs.

Many 3D objects are composites of simple parts that can be approximated by geometric
primitives. For example, a cylinder with a learnable orientation and radius can describe
both a leg of a table and a wheel of a car, while a plane can capture surfaces such as walls
or floors. These primitives are transversal to a wide variety of datasets, appearing across
both natural and man-made environments.

To embody this concept, we design a family of geometric inductive biases (GIBs) that
serve as shape-aligned priors. Each GIB is implemented as a radial basis function (RBF)
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defined in terms of the relative position of neighboring points. Formally, given a query
point g and its local neighborhood N, the position of each neighbor x € N is defined
relative to g, effectively centering the neighborhood at the query point. This relative vector
is then rotated by a learnable rotation matrix Ry and projected into a canonical reference
space:

zp(x) = 2(Rp " (x = q)), ar = ng(zp(x);9), (7.4)

where 7¢ is a geometric kernel (e.g., Gaussian), ¢ = [¢x, ¢y, ¢:] are learned rotation
angles, and 3 are shape parameters (e.g., radius or thickness). The output a, represents
the alignment score of the neighbor x with respect to the geometric prior centered on 4.

This design confers two advantages. First, it allows each GIB to adapt flexibly to
different instances of the same primitive family: a cylinder can become narrow or wide,
tilted or vertical, depending on the learned parameters. Compared to SCENE-Net V2, our
approach extends the use of a learnable rotation matrix to every GIB instead of just the Disk
prior, enabling more diverse geometric alignments. Second, it preserves interpretability,
since every parameter corresponds to an intuitive geometric attribute.

Real-world objects rarely conform to strict geometric boundaries, and fixed hard-
coded shapes are therefore too restrictive. By relying on RBF-like functions, GIBs provide
continuous similarity measures between local neighborhoods and the encoded geometric
priors. This formulation improves on the smoothness of shape boundaries compared to
our previous voxel-based approaches (both SCENE-Net and SCENE-Net V2). In the voxel-
based setting, kernels were discretized and applied to quantized grids, which limited
their resolution. In contrast, this approach applies continuous kernels directly to the raw
point cloud, which takes full advantage of the smoothness of RBF-like functions.

In this work, we implement a set of GIBs based on fundamental geometric primitives:
cylinders, cones, disks (planes), and ellipsoids, along with their hollow variants. These
shapes were selected because they capture a wide range of structures commonly found in
urban, indoor, and natural environments, such as poles, slopes, flat surfaces, rings, and
volumetric bodies. More complex or composite structures can be represented by linear
combinations of multiple GIBs, forming composite biases. Below, we introduce the full
family of GIBs implemented in this work:

Cylinder GIB. The Cylinder GIB is designed to model long, tubular structures that are
pervasive in both indoor and outdoor settings. Examples include the legs of furniture,
utility poles, tree trunks, and signposts. The kernel is defined as a Gaussian function

centered on a cylindrical axis, favoring radial symmetry around a central spine:

2
lzp@)l ) 75)

Ney(x) = exp ( 22

Here, z(x) denotes the projection of a neighbor x into the canonical coordinate system
aligned with the learned rotation matrix R¢. The norm ||z¢(x)|| corresponds to the radial
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distance from the cylinder’s central axis. The parameter r defines the radius of the cylinder,
controlling the spread of the Gaussian kernel. Neighbors located near the axis receive high
alignment scores, while those further away are progressively suppressed. The learnable
parameters for this GIB are therefore 9., = [, ¢]. The cylinder GIB captures both vertical
and arbitrarily oriented cylindrical structures (new orientations are learned by tuning ¢
to the data), making it well suited to describe common man-made and natural forms.

Hollow Cylinder GIB. In many real-world sensing scenarios, cylindrical structures are
not captured as solid volumes but rather as hollow surfaces. This is especially common
with LiDAR and Red, Green, Blue, Depth (RGB-D) data, where only the external shell of
an object is sampled. Examples include pipes, cables, and hollow rods. To address this
case, we define the Hollow Cylinder GIB, which assigns high alignment scores to points

that lie near a ring at a given distance from the central axis:

UGS r)Z) | 76

Mhey(x) = exp ( 212

Unlike the solid cylinder, this function peaks at a radius r from the axis and suppresses
both the interior and the exterior. The parameter ¢ controls the shell thickness, effectively
defining the tolerance band around the ring. The shape parameters of this primitive are
thus extended to 3¢, = [, ¢, P].

Cone GIB. The Cone GIB is designed to capture tapering structures such as treetops,
roofs, or conic shapes. These forms are characterized by a gradual change in radius as
height increases, which can be expressed through a Gaussian kernel whose spread adapts
with elevation:

llzp()II?
2(r-ov(x)- tan(ﬁn))2 .

Nen(x) = exp | - (7.7)
Here, z4(x) denotes the centered and rotated coordinates of point x, and v(x) refers to
its vertical displacement relative to the cone apex. The denominator dynamically adjusts
the scale of the kernel as a function of height and slope, allowing the receptive field to
expand with distance from the apex. The parameter r sets the reference radius at the
base of the cone, while the slope parameter € [0, 0.5) regulates steepness. Constraining
p ensures that tan(f ) is positive and finite, thereby avoiding degenerate vertical slopes.
Small values of § produce steep, narrow cones, while larger values yield flatter structures.
Together, r, v(x), and B allow the bias to adapt its radial spread smoothly as height
increases, enabling flexible modeling of tapering forms. The shape parameters for this
GIB are defined as 9., = [r, v(x), 8, ¢].

Hollow Cone GIB. Similar to the Cylinder GIB, conical structures can be represented
only as outer shells, as in sparse LiDAR scans of treetop canopies or hollow architectural
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features. To model these, we define a hollow variant:

(2 (@)l =7 - o(x) - tan(Bn))?
2t2

Mhen(X) = exp | = (7.8)
This kernel peaks along the cone surface, rewarding points located close to the expected
radial distance at height v(x). The thickness parameter t controls the tolerance around
the surface, while the shape parameters extend to 9., = [, 8, t, ¢].

Disk GIB. The Disk GIB is intended to capture flat structures such as tabletops, floors,
or walls. Its kernel combines radial symmetry with a vertical gating term that constrains
points to lie near a plane:

B

o2 |lw —ov(x)|]|. (7.9)

Nak(x) = exp | =
Here, v(x) denotes the height of point x in the rotated frame, and w is a learnable threshold
that specifies the disk’s vertical position. The Gaussian term enforces a cylindrical shape,
while the vertical factor attenuates points located above or below the disk plane. The
shape parameters are 94 = [r, w, ¢p].

Compared to the Disk GENEO introduced in Chapter 6 Section 6.2.2, we observe that
this definition is more flexible due to the addition of the gating mechanism. This was
not possible in the voxel-based version without making w a hyperparameter. Here, w is
learned directly from data, allowing the disk to adapt to different heights in the scene.

Hollow Disk GIB. The hollow disk variant emphasizes rims and holes, which appear
frequently in man-made settings. The kernel is defined as:

b (lzp@)l =

2 |w —ov(x)||. (7.10)

Nnak(x) = ex
This kernel peaks at a fixed radial distance r, rewarding points lying near the circumference
while suppressing the interior and exterior. The thickness t controls tolerance around the

rim, and the vertical gating ensures planarity. Parameters are 9,4x = [, f, w, ¢].

Ellipsoid GIB. The Ellipsoid GIB generalizes the notion of a sphere to ellipsoids of
arbitrary shape and orientation. It is well suited for volumetric forms such as rocks,
bushes, or human heads. Formally, it is defined as:

xTZ‘l((p)x) .

Nellip(x) = exp (— > (7.11)

Here, Z7(¢) is a positive semi-definite precision matrix encoding anisotropic scaling and
orientation. By adjusting the eigenvalues and eigenvectors of £}, the ellipsoid can stretch
or compress along different axes. This flexibility enables the bias to approximate a wide
range of volumetric objects. The parameters are 9.;, = [Z, ¢].
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Hollow Ellipsoid GIB. Many real-world volumetric objects are observed only as outer
surfaces, such as cars in autonomous driving datasets. To isolate such cases, we define
the Hollow Ellipsoid GIB:

(VXTZ 1 (¢p)x — r)2

2t2

Nheliip(x) = exp | - (7.12)
The Mahalanobis distance y/xTZ~1(¢)x defines the ellipsoidal shape, while the parameter
r sets the peak distance from the center, effectively defining the shell radius, and ¢ controls
its thickness. This kernel therefore rewards points lying on the ellipsoidal surface and
suppresses both the interior and exterior. The parameters are Syep1ip = [Z, 7, t, P].

7.2.2 GIB normalization

When integrating geometric inductive biases into a deep learning pipeline, it is important
to ensure that the alignment scores they produce are comparable across neighborhoods
and scales. Without normalization, biases may yield responses of different magnitudes
depending on the density of the point cloud, the size of the neighborhood, or the scale of
the primitive. This variation can lead to unstable training and weaken the interpretability
of the results. To address this issue, we introduce a normalization procedure that places all
GIB responses on a common scale. The idea is conceptually similar to batch normalization
in convolutional networks, but adapted to the geometric nature of our operators. In batch
normalization, feature maps are standardized across a mini-batch to stabilize learning. In
contrast, GIB normalization is performed at the level of neighborhoods: we standardize
alignment scores relative to the expected response of the primitive within the entire
volume of a local neighborhood. For a given GIB instance 7, its score over a neighborhood
N; quantifies the degree to which neighbors conform to the shape encoded by n. The
normalized bias 7] is defined so that points that align with the geometric prior yield positive
values, while those that deviate yield negative values. This enhances interpretability,
since the sign of the response encodes whether a region agrees with or contradicts the
expected geometry. We compute the expected score of 7 within N, using a Monte Carlo
approximation of the integral over the neighborhood:

== [ iy~ 3 10, 7.13)

yeMC
where MC = {y € R?®| ||y|| < r} is a Monte Carlo sample of the neighborhood with

radius r. The normalized score is then obtained by subtracting this expectation:

E(x)

) = 00 = T3y (7.14)

This makes it possible to combine multiple biases and to propagate their outputs
through a network in a stable manner. Figure 7.2 illustrates how normalization transforms

raw scores into a balanced representation.
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Figure 7.2: GIB normalization. Normalizing a Cylinder GIB ensures that neighbors
aligning with the desired geometric configuration receive positive values, while those
deviating receive negative values. Here, points close to the cylinder axis are emphasized,
and points further away are penalized.

7.2.3 Composite Biases

Although individual GIBs provide meaningful responses to specific primitives, a single
bias is rarely sufficient to capture the complexity of real objects. Most structures are
combinations of simpler forms, and thus richer descriptors are needed. To address this,
we define composite biases which combine multiple GIBs into higher-level features. These
are analogous to observers in GENEO-based methods, however we do not adhere to the
convexity constraint usually imposed in observers.

Let E = {n j};.”zl denote a set of m GIBs drawn from the families introduced earlier
(cylinders, cones, disks, ellipsoids, and their hollow counterparts). These are combined

linearly using a weight matrix W € R to form n composite biases 7= {y;}"_,, defined

=1’
as

Vi = Z Wijnj. (7.15)
nj€E

The coefficients W;; control the contribution of each primitive to the composite bias

yi. Unlike GENEO-based methods that employ convex combinations (where weights
are non-negative and sum to one), we use unconstrained linear combinations to achieve
greater flexibility in the composite space. This design choice provides two key advantages.
First, negative weights effectively flip the response of a GIB, enabling the suppression of
specific geometric patterns while emphasizing their complement. For instance, a negative
coefficient on a cylinder GIB can suppress cylindrical regions while highlighting the
surrounding outer areas, which is useful for detecting hollow structures or boundaries.
Second, by removing the constraint that weights sum to one, the magnitude of W;; serves
as a scaling factor for the responses achieved by each GIB, allowing the composite bias
to amplify or attenuate individual geometric features as needed. This design preserves
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interpretability while enhancing expressiveness compared to traditional convex observers.
However, the lack of constraints on the weights can lead to instability during training, as
the model may rely on a few dominant primitives while ignoring others. This can result in
overfitting to specific shapes or noise in the input data, ultimately degrading the model’s

generalization capabilities.

7.2.4 Regularization and Constraints

However, unconstrained linear combinations risk introducing noise from irrelevant or
weakly aligned primitives. To mitigate this, we introduce a regularization strategy that
follows the same principles as SCENE-Net V2 (Chapter 6 Section 6.2.3), with the exception
of the convexity constraint.

The regularizer promotes sparsity with an L1 penalty and controls overall magnitude
with an L, penalty on the composite weights W, encouraging the network to learn concise
and meaningful composite biases rather than overfitting through redundant combinations.
Additionally, we maintain the non-negativity constraint on geometric shape parameters

9 to preserve their physical interpretability. The overall regularization term is defined as:

9]
QW, L) = pr ), > h(3) + pr (al Wil + (L - )| WII3), (7.16)
veX i
where X denotes the set of shape parameters 9, h(x) = max(0, —x) penalizes negative
values for shape parameters that must remain non-negative (such as radii), p; and p;
control the strength of the penalties, and a € [0, 1] balances sparsity (L) against weight
decay (L) for the composite weights W.

7.2.5 The GIB Layer (GIBLy)

The GIB-Layer, or GIBLy, is the architectural unit that integrates geometric inductive
biases into a deep learning model. Its role is to inject explicit shape-aware features into
the input of a 3D backbone, where the point cloud retains the most faithful geometric
information. As illustrated in Figure 7.3 (a), the layer applies multiple GIBs to every input
point across different neighborhood radii, producing alignment scores that describe how
well the local geometry fits each primitive. These scores are combined into composite
biases and fused with the original input features with a lightweight projection layer or
an MLP. The resulting enriched representation contains both raw point attributes and
explicit geometric descriptors.

We found empirically that applying GIBLy only at the input stage yields the best
performance. At deeper layers, downsampling significantly reduces the number of points
in the current representation, making alignment less reliable. Instead of reapplying the
module at every stage, we propagate its features via skip connections to later layers of the
encoder. This aligns with our intuition, geometric cues should be invariant with respect to
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(b) Integration with 3D backbones

Figure 7.3: Schematic of the GIBLy approach. (1) The GIBLy module augments point
teatures by evaluating a set of learnable geometric inductive biases (GIBs) at each query
point. For every input point, multiple local neighborhoods are considered, and GIB
alignment scores g; Ny are computed per region, where i is the point index and N is the
neighborhood index. These scores are aggregated through learned weights Wy to form
composite features ¢; n, which encoding more complex geometric relationships. The
composite features are then fused with the original point features using lightweight MLPs
or projection layers f;, yielding an enhanced vector representation. (b) GIBLy is introduced
at the input stage of a generic 3D backbone, where geometric detail is highest. Its outputs
are propagated via skip connections to subsequent encoder stages, enabling efficient reuse
of geometric information throughout the network without redundant computation. This
design is compatible with a wide range of architectures, including MLPs, CNNs, and
transformers.

the stage (i.e., the spatial resolution) at which they are obtained. This strategy is illustrated
in Figure 7.3 (b), where GIBLy is applied once at the input and its outputs are reused in
subsequent layers, ensuring that geometric information remains available throughout the
network. Thus, not only is GIBLy extremely efficient in terms of parameter count, but it
also reduces computational overhead by only requiring a single layer through the module.

133



CHAPTER 7. GIBLY: A LIGHTWEIGHT GEOMETRIC INDUCTIVE BIAS LAYER
FOR 3D SCENE UNDERSTANDING

The design is fully architecture-agnostic. Because GIBLy operates on point coordinates
and outputs feature maps, it can be inserted into MLP-based backbones, convolutional
networks, or transformers without structural modifications. Despite its expressiveness, the
layer adds only a small number of parameters, typically on the order of tens of thousands.

Compared to SCENE-Net V2's feature extraction layer, GIBLy offers several compu-
tational advantages beyond eliminating voxelization overhead. First, unlike SCENE-Net
V2, which must discretize new kernels at each forward pass as shape parameters change
(requiring the entire kernel to be recomputed and imposing significant overhead), GIBLy’s
continuous geometric functions operate directly on point coordinates without discretiza-
tion and do not need to be recomputed. Second, since our kernels are continuous functions
rather than discrete weight tensors, adding multiple GIBs per primitive family incurs in a
small computational cost with parallel processing. The shape parameters are computed in
vectors and applied simultaneously to the point cloud, whereas SCENE-Net V2 requires
additional memory to discretize each kernel and time to sweep the voxel grid. In essence,
GIBLy is a more elegant solution that sidesteps the pitfalls of voxelization entirely: it
attains the sharpest resolution by using continuous functions as its building blocks, it only
needs to be applied once at the input stage and can be reused in subsequent layers, and is
highly efficient in terms of both memory and computation.

7.3 Experiments

7.3.1 Implementation Details

Baselines. To evaluate the effectiveness of our approach, we integrated GIBLy into several
representative 3D learning pipelines spanning different architectural paradigms. Specifi-
cally, we considered the seminal MLP-based methods PointNet [78] and PointNet++ [79],
the convolutional method KPConv [96], and three variants of the transformer-based Point-
Transformer family [110, 111, 121]. These backbones were selected to cover the major
classes of 3D deep learning architectures, to demonstrate the model-agnostic nature of
GIBLy, and to facilitate a comparison with SCENE-Net V2. Each baseline was obtained

from its official repository.

Datasets. We evaluated GIBLy on five widely adopted benchmarks for 3D semantic
segmentation, covering both indoor and outdoor environments. For indoor scene un-
derstanding, we used ScanNet v2 [23] and the Stanford Large-Scale 3D Indoor Spaces
dataset (S3DIS) [3]. ScanNet v2 consists of 1,201 training scenes and 312 validation scans
reconstructed from RGB-D frames, with each point annotated into one of 20 semantic
categories. S3DIS contains 271 rooms across six areas from three buildings, annotated with
13 semantic classes; following the standard evaluation protocol, Area 5 is withheld during
training and used for testing. For outdoor benchmarks, we considered nuScenes [12], Se-
manticKITTI [6], and TS40K [51]. nuScenes comprises approximately 1,000 urban driving
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Table 7.1: Training configuration for indoor and outdoor benchmarks. All models are
trained independently under identical conditions.

Setting Indoor Outdoor
Epochs 300 100

Batch size 16 16

GPU A100 A100

Point sampling  FPS (100K points) FPS (100K points)
Validation input ~ Full-resolution Full-resolution
Optimizer AdamW [65] AdamW [65]
Learning rate 0.0001 0.0001

Focal (0.2) [60] Focal (0.2) [60]
Loss (weights) Tversky (0.2) [83] Tversky (0.2) [83]

Lovasz (0.8) [9] Lovasz (0.8) [9]
Input features Xyz + normals Xyz + normals

scenes collected with a multi-sensor rig mounted on a moving vehicle. SemanticKITTI
extends the raw KITTI dataset with full point-wise labels over 22 sequences, totaling
around 20,000 LiDAR scans. Finally, TS40K, our dataset focusing on rural power transmis-
sion systems introduced in Chapter 3. It provides high-resolution LiDAR scans of power
lines, support towers, vegetation, and surrounding terrain. Unlike urban driving datasets,
TS40K emphasizes large-scale rural environments, posing challenges such as extreme
class imbalance and noisy point distributions. The formerly described benchmarks are

discussed in greater detail in Chapter 2, Section 2.1.6.

7.3.2 Training Setup

To ensure a fair comparison, we retrained all baseline networks and their GIBLy-augmented
counterparts under identical training conditions. This step is necessary because some
baselines report higher performance when trained with additional data or dataset-specific

augmentations, whereas our objective is to assess the isolated effect of integrating GIBLy.

All models were trained independently on a single NVIDIA A100 GPU with a batch
size of 16. Indoor datasets were trained for 300 epochs, while outdoor datasets were
trained for 100 epochs. We used farthest point sampling (FPS) to select 100,000 points
per scene during training, ensuring a consistent geometric coverage of the input. During
validation and testing, full-resolution point clouds were used without subsampling. For
optimization, we employed AdamW [65] with a base learning rate of 10~*. Following prior
works [77, 110, 111, 121], we included both coordinates (x, v, z) and estimated normals
as input features. To mitigate class imbalance, the loss function combined Focal loss [60],
Tversky loss [83], and Lovasz loss [9], with respective weights 0.2, 0.2, and 0.8. The full
configuration is reported in Table 7.1.
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Table 7.2: Data augmentation settings used for indoor and outdoor datasets. The parameter
p indicates the probability of applying each transformation.

Augmentation Indoor Outdoor
Random dropout (ratio 0.2, p = 0.2) v -
Rotation z (6 € [-1,1], p = 0.5) N4 v
Random scale (0.9-1.0) v v
Random flip (p = 0.5) v v
Jitter (8 = 0.005, clip=0.02) v v
Color jitter (std=0.05, p = 0.95) v -
Sphere crop (max=90K points) v -
Color normalization v -
Coordinate normalization v v

Table 7.3: Runtime breakdown for GIBLy operations.

Operation Compute Time Ratio
Neighborhood Computation 64.45%
Ry Computation 12.11%
GIB Normalization 10.19%
GIB Computation 7.38%
Composite Bias Computation 2.03%
Other operations 4.84%

Data augmentation. To encourage generalization and prevent overfitting, we adopted a
consistent augmentation pipeline across all experiments. This included random dropout,
jittering, flips, rotations around the vertical axis, random scaling, and coordinate normal-
ization. For indoor datasets with RGB input, additional augmentations such as color jitter
and color normalization were also applied. The exact settings are reported in Table 7.2.

Compute Time Analysis. Although GIBLy introduces additional geometric computa-
tions, the overall runtime overhead is modest. Each GIB reduces to evaluating a paramet-
ric radial basis function (RBF) over the distance vectors of a given neighborhood. Once
neighborhoods are constructed, applying GIBs requires only matrix multiplications and
point-wise kernel evaluations, both of which are highly parallelizable on GPUs. As shown
in Table 7.3, the majority of compute time is spent on neighborhood construction (~64%),
a shared bottleneck across state-of-the-art point cloud methods. The actual GIB compu-
tations (including rotations, normalization, and basis function evaluations) account for
less than 20% of total runtime, and composite bias formation is negligible. Importantly,
this overhead occurs only once at the input stage, after which computed features are
propagated through the backbone. Thus, the added cost of GIBLy is modest relative to
the backbone and scales efficiently with modern hardware.
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7.3.3 Evaluation

TS40K. Table 7.4 reports per-class and mean IoU on the TS40K dataset [51], which
focuses on large-scale transmission systems in rural environments. This benchmark is
particularly challenging due to the dominance of terrain points, the high-density noise,
and the diversity in objects with low point density, such as support towers. Across the
majority of the tested backbones, GIBLy provides consistent improvements in segmenta-
tion quality, which confirms the benefits of integrating geometric inductive biases into
standard architectures. The largest gain is observed in PointTransformerV3 [111], where
performance increases from 63.55% to 75.03% mloU, corresponding to an improvement
of +11.48. Notably, even the lightweight PointNet [78] backbone benefits substantially,
improving by +7.95 mloU. These results indicate that GIBLy can compensate for the lim-
ited representational power of older architectures, while also boosting the performance of
state-of-the-art transformer-based models. A smaller gain is observed in PointNet++ [79],
while KPConv [96] shows a mild regression. We attribute this behavior to the overlap
between rigid kernel-based convolutions and the alignment scores introduced by GIBLy,
which may result in conflicting feature extraction.

nuScenes, SemanticKITTI, ScanNet v2, and S3DIS. The broader evaluation across
four widely used benchmarks is presented in Table 7.5. On S3DIS [3], GIBLy consis-
tently improves performance across all backbones, with particularly strong gains for
transformer-based models. PointTransformerV2 [110] improves by +8.68%, and Point-
TransformerV3 [111] by +7.52%, highlighting that GIBLy excels in structured indoor
environments where geometric regularities are pronounced. SemanticKITTI [6] also
benefits from the addition of GIBLy, with improvements up to +3.53% mloU on Point-
TransformerV1 [121]. In ScanNet v2 [23], the benefits are most visible in transformer-
based backbones, whereas PointNet and PointNet++ underperform with GIBLy. For
nuScenes [12], performance varies: PointNet, PointNet++ and PointTransformerV2 im-
prove, while KPConv, PTV1 and PTV3 regress. We interpret this as an indication that
the sparsity and dynamic nature of nuScenes LiDAR sweeps may reduce the stability of

geometric bias alignment.

Qualitative results. Figure 7.4 provides qualitative comparisons on the TS40K dataset.
Each row shows the input point cloud, the baseline prediction from PointTransformerV3,
and the prediction from its GIBLy-augmented counterpart. Baseline models frequently
misclassify or miss support towers, introduce spurious labels in vegetation regions, or
confuse artifacts with surrounding objects. GIBLy consistently mitigates these errors,
yielding predictions that are better aligned with the underlying geometry of the scene.
These results highlight the utility of explicit geometric priors: by embedding shape infor-
mation directly into feature extraction, GIBLy helps networks produce more semantically

coherent segmentations.
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Table 7.4: Semantic segmentation results on TS40K. GIBLy improves class-wise and mean
IoU across most backbones. Gains are shown in green and deficits in red.

Method mloU (%) Noise Ground Low Veg. Mid Veg. Tower Power Line
PointNet base 30.01 4936  54.52 46.00 14.23 0.00 35.28
+ GIBLy 37.96 27.13  78.06 49.42 29.60 5.04 38.51
A +7.95 2223  +23.54 +3.42 +15.37  +5.04 +3.23
PointNet++ base 45.99 59.27  59.99 54.36 14.55 2261 78.41
+ GIBLy 55.23 65.79 7257 29.94 59.44 18.74 84.89
A +9.24 +6.52  +12.58 —24.42 +44.89  -3.87 +6.48
KPConv base 52.77 5702  64.75 37.12 34.63 37.36 89.99
+ GIBLy 46.83 53.37  61.96 35.73 31.26 12.91 85.78
A -5.94 -3.65  -2.79 -1.39 -3.37 2445 —4.21
PTV1 base 64.90 5750  77.33 60.34 46.51 54.19 93.54
+ GIBLy 68.33 63.88  79.15 68.77 50.93 52.16 95.06
A +3.43 +6.38  +1.82 +8.43 +4.42 -2.03 +1.52
PTV2 base 68.29 61.16  80.13 68.17 51.39 54.48 94.43
+ GIBLy 72.35 67.79 8240 7317 54.38 60.29 96.06
A +4.06 +6.63  +2.27 +5.00 +2.99 +5.81 +1.63
PTV3 base 63.55 59.23  70.77 50.47 43.86 61.42 95.53
+ GIBLy 75.03 6891  82.96 73.32 55.33 72.49 97.17
A +11.48 +9.68  +12.19 +22.85 +11.47  +11.07 +1.64

7.3.4 Ablation Studies

We conducted a series of controlled experiments on the TS40K validation set to investigate
the influence of core GIBLy design decisions. All ablations use PointTransformerV3 [111]
as the backbone. We focus on four key aspects: the placement of the GIBLy layer, the
number of neighborhood scales, the number of GIB instances per primitive, and the effect
of different bias shape families.

Performance on Partial Scans. The effectiveness of GIBLy is closely tied to the availability
of sufficient local geometry for its biases to align with. When the point cloud is heavily
downsampled, many objects lose both fine structures and, in some cases, their overall
shape. This loss directly weakens the geometric cues that GIBLy leverages, resulting in
smaller improvements at very low point counts (e.g., 5,000 FPS). As shown in Table 7.6,
performance gains increase steadily as more points are available, peaking near the full-
resolution setting. This behavior is consistent with the design of GIBLy: richer point
density preserves the local neighborhoods necessary for geometric alignment, while
sparse inputs reduce the expressiveness of these cues.

GIBLy Placement. Table 7.7 reports the effect of different placement strategies for GIBLy.
Applying a single GIBLy layer at the input stage achieves the strongest result, with an
improvement of +10.14 mlIoU over the baseline. This confirms that geometric inductive
biases are most effective when applied directly to raw point coordinates, where the fidelity
of geometry is highest. Adding additional layers at intermediate stages brings only
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Table 7.5: Semantic segmentation results (mloU %) and improvements (A) across four
benchmarks. Gains are shown in green and deficits in red.

nuScenes [12] | SemanticKITTI [6] | ScanNet v2 [23] | S3DIS (Area 5) [3]
Method mloU A mloU A mloU A mloU A
PointNet [78] base 14.56 - 16.58 - 17.20 - 19.46 —
+GIBLy 1852 +3.96 19.83 +3.25 13.64 -3.56 21.10 +1.64
PointNet++ [79] base 18.52 - 23.33 - 21.55 - 26.00 —
+GIBLy 2130 +2.78 2459 +1.26 14.78 -6.77 26.72  +0.72
KPConv [96] base 50.74 - 45.24 - 36.95 - 30.31 -
+GIBLy 37.33 -13.41 4755 +2.31 2946 -7.49 35.71 +5.40
PTV1 [121] base 66.29 - 50.17 - 33.16 - 47.14 -
+GIBLy 5438 -11.91 53.70 +3.53 39.08 +5.92 51.14 +4.00
PTV2[110] base 65.40 - 54.15 - 52.05 - 56.42 -
+GIBLy 7026 +4.86 55.88 +1.73 55.27 +3.22 65.10 +8.68
PTV3[111] base 74.20 - 55.09 - 55.64 - 60.44 -
+GIBLy 6991 —4.29 58.14 +3.05 57.79 +2.15 6796 +7.52

For fair evaluation, all models are trained under the same conditions without the use of additional training data
or dataset-specific augmentation pipelines. Some methods, such as PTV3 [111], report higher performance
when trained with extra data; however, here we report results under controlled and equal conditions to ensure
valid comparison between each backbone and its GIBLy-augmented variant.

Table 7.6: Ablation on performance with partial scans (TS40K, PTV3 backbone).

FPS Level PTV3mloU PTV3+ GIBLy mloU A

5,000 59.12 61.07 +1.95
10,000 63.06 70.37 +7.31
100,000 (default) 63.55 75.03 +11.48
200,000 62.90 74.83 +11.93

Table 7.7: Ablation on GIBLy placement strategy. Best performance is obtained by applying
GIBLy only once at the input stage.

Configuration mloU (%) A (%)
Baseline (PTV3) 65.80

GIBLy (input only, default) 75.94 +10.14
GIBLy (input + intermediate) 66.18 +0.38
GIBLy (every stage) 56.41 -9.39

marginal benefit, while applying GIBLy at every stage actually degrades mIoU by -9.39.
We attribute this to the fact that deeper layers operate on downsampled point clouds,
where the geometric detail and local neighborhood point-relationships are less reliable. In
such cases, introducing explicit geometric priors may act as noise, confusing the network
rather than guiding it.

Neighborhood Count. We next analyze the role of neighborhood scales in Table 7.8.
Using a single radius reduces performance, showing that fixed-scale neighborhoods are
insufficient to capture the multi-scale details of 3D objects. Performance improves as
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. Noise . Power Line . Power Line Support. Tower . Ground . Low Vegetation . Medium Vegetation
Input Point Cloud PTV3 (Baseline) PTV3 + GIBLy
Figure 7.4: Qualitative results on TS40K. Each row corresponds to a different scene. From
left to right: input point cloud, prediction from the baseline PointTransformerV3, and
prediction from PointTransformerV3 with GIBLy. The baseline often fails to detect pylons

or misclassifies vegetation, while the GIBLy-augmented model produces predictions that
are more geometrically consistent and faithful to scene structure.

the number of neighborhood radii increases, with two or three scales producing the
best balance between accuracy and computational cost. Beyond three radii, performance
drops despite higher latency, suggesting that too many neighborhoods introduce noisy
or redundant information. These results confirm that GIBLy benefits from a moderate
multi-scale design that balances richness and efficiency.

Number of GIBs. Table 7.9 evaluates the effect of varying the number of GIB instances
per primitive. The best performance is achieved with two GIBs per shape, which yields an
improvement to 75.94% mloU. Increasing the number beyond this produces diminishing
returns, and at 16 GIBs performance degrades sharply. This can be explained by overfitting
and redundancy: too many biases may overlap too much, introducing conflicting signals

rather than useful diversity. Moreover, latency increases moderately with the number of
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Table 7.8: Ablation on the number of neighborhood levels. Two or three levels provide the
best trade-off between performance and latency.

# Neighborhoods mloU (%) Latency (ms)

1 69.12 23.1
2 7241 29.2
3 (default) 75.94 37.0
5 68.56 50.4

Table 7.9: Ablation on the number of GIB instances per primitive. A small number of
diverse GIBs performs best.

GIBs per Prior mloU (%) Latency (ms)

2 (default) 75.94 27.0
4 73.92 32.6
8 71.67 39.2
16 68.84 424

Table 7.10: Ablation on geometric bias families. Combining all GIB types yields the
strongest performance.

Bias Types mloU (%) A (%)
Radial only (cylinder, disk) 71.14 —4.80
Hollow only 71.30 —4.64
Ellipsoid only 68.42 -7.52
All GIBs (default) 75.94

GIBs, highlighting the importance of parameter efficiency. These findings reinforce that a
small, diverse set of geometric priors is preferable to an excessive collection of redundant
ones. Nevertheless, optimized CUDA kernels may in the future reduce this computational

cost.

Bias Shape Variants. Finally, we examine the contribution of different bias families in
Table 7.10. Using the full set of GIBs achieves the highest performance. Subsets based
on radial primitives (cylinders and disks) or hollow variants achieve moderately strong
results but still fall short of the complete configuration. The poorest performance is
observed when using ellipsoids alone, indicating that they are not sufficient to capture
discriminative structures by themselves. These results highlight the value of combining

complementary geometric priors.

Individual Shape Contributions. To further clarify the role of each geometric primitive,
we evaluated the contribution of each GIB family independently. Table 7.11 summarizes
the results. No single primitive is sufficient to capture the diversity of structures present in
the data. Among individual GIBs, ellipsoids achieve the strongest performance, consistent
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Table 7.11: Ablation on individual shape contributions (TS40K, PTV3 backbone).

Types of GIBs mloU (%)
All GIBs (default) 75.94

Cylinder 59.83
Ellipsoid 68.42
Disk 61.43
Cone 57.47

Hollow Cylinder 60.13
Hollow Ellipsoid 63.78
Hollow Disk 63.11
Hollow Cone 58.62

Table 7.12: Ablation on composite biases.

Number of Composites mloU (%)

0 59.60
2 66.06
4 69.33
8 72.14
16 (default) 75.94
64 73.75
128 72.57

with their ability to approximate a broad range of volumetric forms. The best results are
obtained when combining all GIBs, this demonstrates that the diversity of geometric

biases is complementary and supports the design choice to use a rich family of GIBs.

Composite Biases. In Table 7.12, we evaluate the role of composite biases. Using none
severely limits performance, while increasing their number progressively improves results
up to 16 composites. Beyond this point, performance saturates and slightly decreases,
suggesting that a moderate number of composites provides the best balance between

expressiveness and overfitting.

GIB Normalization. Table 7.13 shows the impact of normalization. Without normaliza-
tion, performance drops significantly as alignment scores are dominated by neighborhood
density. Standard z-score normalization partially recovers performance but produces
inconsistent semantics, since well-aligned neighbors may be assigned negative values.
Our proposed normalization yields the best results, confirming its importance for stable
integration of GIBs.

Summary. Overall, the ablation studies confirm the central design choices of GIBLy. A
single input-layer placement, a moderate number of multi-scale neighborhoods, and a

small set of diverse priors produce the best results. These findings validate the guiding
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Table 7.13: Ablation on GIB normalization.

Normalization Type mloU (%)
No Normalization 62.92
Standardization 67.84

GIB Normalization (default) 75.94

principle of this work: explicit, interpretable geometric biases improve feature extraction
when introduced at the earliest stage of processing, provided they are applied judiciously
rather than in excess.

7.4 Conclusion and Future Work

This chapter introduced GIBLy, a lightweight geometric inductive bias layer that success-
fully addresses the key limitations of SCENE-Net V2 while advancing the integration
of explicit geometric priors into 3D deep learning. Through comprehensive evaluation
across five diverse benchmarks and six different backbone architectures, we have demon-
strated that GIBLy provides a practical and effective solution for enhancing 3D scene
understanding.

Key contributions. GIBLy represents a significant advancement over our previous works.
First, by operating directly on raw point clouds rather than voxelized representations, it
eliminates the computational bottleneck that constrained SCENE-Net V2’s scalability. This
enables evaluation on large-scale datasets such as SemanticKITTI and nuScenes, which
were previously inaccessible due to voxelization overhead. Second, GIBLy successfully
bridges the accuracy gap that persisted in SCENE-Net V2, achieving performance im-
provements of up to +11.48% mloU on TS40K and +8.68% on S3DIS when integrated with
state-of-the-art transformer architectures. Third, the framework’s architecture-agnostic
design allows seamless integration into diverse 3D backbones without requiring modifi-
cations to the base networks.

Limitations. Although GIBLy demonstrates clear advantages in terms of performance
and scalability, it also presents several limitations that highlight directions for future work.
The current framework is built upon a predefined set of geometric primitives. While
cylinders, cones, disks, and ellipsoids capture a broad range of common structures, they
cannot represent the full diversity of shapes found in complex 3D environments. More
specialized primitives or modular combinations of simpler components may be required
to address datasets with irregular or domain-specific geometries. Another limitation
concerns interpretability, compared to its predecessor SCENE-Net V2, GIBLy sacrifices
part of its transparency. The reason for this is twofold. First, the model introduces a
higher parameter count, approximately 58K trainable parameters. As a result, it becomes
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increasingly difficult to trace how each individual geometric prior contributes to the final
predictions, and a full manual analysis of all GIB responses is impractical. Second, the
integration of GIBLy within deep backbones, combined with the propagation of its features
throughout the encoding process, further obscures the relationship between individual
priors and network outputs. Finally, we observe that performance gains are not uniform
across backbones. While transformer-based models benefit strongly from the addition
of GIBLy, other architectures such as convolutional networks show inconsistent trends,
with improvements in some cases and regressions in others. A more detailed analysis is
necessary to understand these variations and to guide the design of future architectures

that can make optimal use of explicit geometric priors.

Future Work. Several promising avenues emerge for extending the capabilities of GIBLy.
A first direction is the development of adaptive or deformable geometric priors that go
beyond a fixed set of primitives. This would broaden the range of structures that GIBLy
can represent while preserving interpretability at the level of learned parameters. A
second direction involves improvements in runtime. Although GIBLy introduces only a
modest overhead, the use of specialized kernels could further reduce latency and memory
requirements. In particular, optimized CUDA implementations of GIB computations
would be especially valuable for applications that demand real-time or near real-time
inference, such as autonomous driving or aerial inspection. A third direction concerns the
explicit control and selection of GIBs. Mechanisms for dynamic bias selection or dynamic
composites could allow the network to automatically activate the most relevant GIBs
depending on the context of the input. For example, certain biases could be suggested
or prioritized when detecting objects with strong geometric regularities, such as poles or
planar surfaces, while others may be suppressed in less structured regions. This selective
activation would reduce redundant computation, improve efficiency, and encourage the
network to make more targeted use of explicit priors.
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CONCLUSIONS

This thesis has explored the integration of geometric inductive biases into 3D deep learning,
with a particular focus on rural power grid inspections. Through a comprehensive
research work spanning interpretable architectures, benchmark dataset development,
and practical deployments, this work has advanced our understanding of how explicit
geometric knowledge can enhance both the performance and interpretability of 3D scene
understanding systems.

8.1 Summary of Contributions

Our research journey began with the observation that 3D deep learning models, despite
theirimpressive capabilities and increasing model sizes, often lack the geometric awareness
that could make them more efficient, interpretable, and robust. Unlike 2D computer vision,
where models like convolutional neural networks benefit from built-in inductive biases
such as translation equivariance and locality, 3D models frequently learn from scratch
spatial relationships entirely from data. We believe this to be a fundamental limitation:
3D data faithfully preserves the geometric relationships between points in space and is
not subject to none of the ambiguities of 2D projection. Thus, we argue that incorporating
explicit geometric knowledge into 3D models is essential to improve robustness and
performance.

To address these challenges, we developed a step-by-step approach to incorporate
geometric inductive biases through three complementary methodologies: white-box
interpretable models, gray-box hybrid approaches, and lightweight bias layers for 3D
backbones. Each represents a different point along the interpretability-performance
spectrum, allowing practitioners to choose the appropriate level of transparency based on
their specific requirements.

SCENE-Net: Fully Interpretable 3D Segmentation. Our first contribution, SCENE-
Net, demonstrated that fully interpretable models can achieve competitive performance
on specialized tasks when equipped with appropriate geometric priors. By leveraging
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Group Equivariant Non-Expansive Operators (GENEOs) as building blocks, SCENE-Net
embedded domain knowledge directly into its architecture, making every computational
step traceable and meaningful. The model achieved remarkable parameter efficiency and
delivered competitive results with five orders of magnitude fewer parameters than state-
of-the-art baselines. This work established that white-box approaches need not sacrifice

performance when the inductive biases align well with the task structure.

SCENE-Net V2: Bridging Interpretability and Flexibility. Recognizing the limitations
of purely white-box approaches in handling diverse, multiclass scenarios, SCENE-Net V2
introduced a gray-box paradigm that combines interpretable geometric feature extraction
with flexible classification. By using GENEOs as feature extractors followed by traditional
neural network classifiers, this approach preserved the interpretability of geometric priors
while gaining the expressiveness needed for complex segmentation tasks. SCENE-Net V2
demonstrated that partial interpretability could deliver substantial benefits: it enables post-
hoc analysis of geometric feature contributions while achieving improved performance
on the multiclass problem in TS40K.

GIBLy: Architecture-Agnostic Geometric Inductive Bias Layer. Our final methodolog-
ical contribution, GIBLy, addressed the scalability limitations of voxel-based approaches
by introducing lightweight geometric inductive bias layers that operate directly on raw
point clouds. GIBLy can be seamlessly integrated into any 3D backbone adding only
minimal parameters while consistently improving performance. This approach eliminates
computational bottlenecks that prevented evaluation on large-scale datasets and bridges
the accuracy gap with state-of-the-art point-based networks. With improvements of up to
+11.48% mean IoU across diverse benchmarks, GIBLy demonstrates that explicit geometric
priors can enhance even the most advanced architectures.

TS40K: A Comprehensive Benchmark for Infrastructure Inspection. Beyond method-
ological innovations, we recognized the critical need for domain-specific evaluation frame-
works. TS40K, our large-scale LiDAR dataset for rural power grid inspection, fills a
significant gap in 3D CV benchmarks. Comprising over 40,000 kilometers of densely
annotated transmission corridors, TS40K captures the unique challenges of infrastructure
monitoring: extreme class imbalance, high-density noise, structural diversity, and realistic
label noise. The dataset has enabled a comprehensive evaluation of 3D segmentation

approaches and provided a foundation for developing cost-aware inspection tools.

Cost-aware Inspection Tool and its Impact. Finally, we demonstrated the practical
viability of our approaches through a complete inspection pipeline that integrates CV
predictions with human-in-the-loop validation and cost estimation. By benchmarking on
TS40K, we showed that transformer-based models can achieve trustworthy performance,
with IoU exceeding 65% for towers and 96% for power lines. This performance is further
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enhanced by geometric priors, with our best model (Point Transformer V3 + GIBLy)
achieving 72% IoU for towers and 97% IoU for power lines. The cost analysis framework
provides utilities with quantitative tools for evaluating the trade-offs between automation

benefits and error-driven costs.

8.2 Key Findings

A central finding of our work is that geometric inductive biases provide the greatest
benefit when applied to data with sufficient geometric detail. Across all three method-
ologies, SCENE-Net, SCENE-Net V2, and GIBLy, performance improvements were most
pronounced when models could exploit rich spatial relationships in high-resolution point
clouds. This has important implications for sensor selection and data acquisition strategies
in 3D applications.

Our three approaches confirm the existence of a transparency-performance trade-off,
but also demonstrate that this trade-off need not be steep when geometric priors are well-
aligned with the task. SCENE-Net achieved full interpretability with minimal performance
loss on specialized tasks, SCENE-Net V2 provided partial interpretability with improved
flexibility, and GIBLy sacrificed some interpretability for maximum performance gains.
This spectrum allows practitioners to choose the appropriate balance based on their
specific requirements for transparency, accuracy, and computational efficiency.

GIBLy’s success across diverse backbone architectures and various 3D benchmarks
demonstrates that geometric inductive biases provide universal benefits in 3D learning.
The improvements observed across different models suggest that explicit geometric priors
address fundamental limitations in how 3D models process spatial relationships, rather
than compensating for specific architectural weaknesses.

Despite being developed primarily for power grid inspection, our geometric priors
showed remarkable transferability across different 3D domains. SCENE-Net’s GENEOs
proved effective on SemanticKITTI without modification, and GIBLy demonstrated con-
sistent improvements across indoor and outdoor benchmarks. This suggests that primary
geometric structures, such as cylinders, planes, and ellipsoids, represent universal building
blocks that go beyond specific application domains.

8.3 Advancements in Power Grid Inspection

Our work has established a new state-of-the-art for automated power grid inspection in 3D
scene understanding. By combining a domain-specific dataset with novel methodologies,
we have achieved several contributions:

Our models exceed the minimum performance thresholds established by industry
experts at Energias de Portugal (EDP) and EDP’s Energy R&D Laboratory (Labelec), with
our best-performing system (Point Transformer V3 enhanced with GIBLy) achieving 72%
IoU for towers and 97% IoU for power lines on TS40K. This result shows significant strides
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since the inception of the TS40K benchmark, where the best-performing model (Point
Transformer V2) achieved only 43% IoU for towers and 93% IoU for power lines.

The cost-benefit analysis developed in Chapter 4 provides quantitative evidence that
automated inspection can deliver significant savings when properly integrated into existing
workflows. By accounting for both labor cost reductions and error expenses, utility
operators can make informed decisions about adopting this technology based on their
specific operational parameters.

TS40K has provided the research community with the first large-scale, publicly avail-
able benchmark for rural power grid inspection. The dataset’s has many realistic chal-
lenges that stem from using real world 3D data: label noise, extreme class imbalance,
high-density noise and structural diversity. These challenges reflect the conditions models
will encounter in real-world deployment compared to existing 3D benchmarks.

8.4 Limitations and Future Directions

This work has taken meaningful steps toward more interpretable and effective 3D scene
understanding, but several limitations remain and point to future research directions:

One limitation concerns the range of geometric inductive biases employed. The current
approach relies on a predefined set of simple geometric primitives, which restricts its
ability to represent more complex or irregular structures. Future work could explore
adaptive or learned geometric representations that capture richer spatial patterns or
automatically identify useful primitives for specific domains. Building a modular library
of geometric components that can be selected and combined as needed would also improve
the flexibility of the framework.

Another challenge relates to interpretability. As geometric priors are integrated into
deeper and more complex architectures, understanding how explicit geometric knowledge
interacts with learned representations becomes less straightforward. Developing tools
to analyze or visualize this interaction would help preserve interpretability as models
become more sophisticated.

A final limitation involves the scope of validation. Although the proposed methods
perform consistently across several benchmarks, further evaluation on different sensors,
environments, and infrastructure types would help establish their robustness and broader
applicability in real-world settings.
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A

GENEO NoN-ExPANSIVENESS PROOFS

A1 Cylinder GENEO Non-expansiveness Proof

Theorem 1. The operator ng is non-expansive.

Proof. Take the definition of our cylinder GENEO as

" — 5z (15=l>=r?)
/ / gcy(x)dxdy = h/ e 202 ax (A1)
0 Jr2 R2

where X and ¢ are the projections on the first two coordinates. We start by a variable

transformation z = ¥ — ¢ yielding, as the inner integral

X = / o IF=2P=r2P 5 / o (lzIP=r22 (A2)
R2 R2

We now consider the fact that there is a positive scalar t* > 0, such that for all ¢ > t*,
t2 —r2 > t. Thus, we break the integral in (A.2) in two terms, one integrating over the disk
centered in zero with radius t*, B(0, t*), and another integrating over the complementary

region, outside the ball, B(0, t*)

X :/ e—#nznz—ﬂ)zdﬂ/ oz zIP=r2P 5
B(0,t*) B(0,*)

Xo

The first integral, Xy, exists and is bounded by the area of the ball Ap multiplied by the
maximum C defined as
Co = max e—zﬁ(IIZIIZ—rZ)2
B(0,t%) '
Here, by the Weierstrass extreme value theorem, Cy is a finite number because the function
to be maximized is a continuous function over a compact set. The second integral can also

be bounded. According to the definition of t*,

* 2’ 9 _Uyi2=r?? w2
lyll >t* = |lyllIc=r" =yl = e 207 <e 22.

the first inequality entails the second because || y|| > 0.
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A.2. ARROW GENEO NON-EXPANSIVENESS PROOF

Clyli?

The integral C1 = ﬂ% 0me 27 dy can be easily computed. This entails that the overall

integral is bounded by C = h(ApCo+ C1). The constant C can be used to normalize gc,(x),

making it non-expansive. O

A.2 Arrow GENEO Non-expansiveness Proof

Take the definition of the Arrow GENEO as:

/ / gar(x)dxdz

_ C/ o2 1E=EP=rR 4o (A3)
R2

(h—hy) / o (1=2P=r ()2 45
R2

where ¥ and ¢ are the projections on the first two coordinates, and ry(x) = (h -
113(x))r. tan(Bm) defines a specific radius for a 3D point at a certain height. In A.1, we have

1 N%=F|12—+2)2
hc/ 212122 5
R2

is bounded by a constant C = h.(AgCp + C1), where h, is the height of the cylinder,
and AgCy and C; define bounds when integrating inside and outside the disk B(0, t*).

proven that the first integral

Since, 7;,(x) : R — R produces a radius for a given 3D point, the cone defined by the

second integral can be encased in a cylinder with radius
Tmax = max (h — m3(x))r. tan(fm).
x€R3

Thus, we can follow the same rationale as in A.1 to prove that the second integral is also

bounded. Specifically

_ _Lz(”f_EHZ_rmax)z v _
(h—he) e 2 dx < (h—h:)(AgCy + C3), (A4)
RZ

where

C, = L (|lzI12- max)z

= max e
B(0,t%)

and

lwli?
Csz = / e 22 dy
B(0,t*)

This entails that the overall integral is bounded by C4, = C + (h — h)(ApCz + C3). The

constant C4, can be used to normalize ga,(x), making it non-expansive.

161



APPENDIX A. GENEO NON-EXPANSIVENESS PROOEFES

A.3 Negative Sphere GENEO Non-expansiveness Proof

Take the definition of the Negative Sphere GENEO as:

/ ans(Odx
R3

= [ Ly eaiEa-r?
R3

where X and ¢ are the projections on the first two coordinates and w € (0, 1] is a negative

(A.5)

factor. Since we are proving Non-expansiveness over the L1 norm, specifically

/R3 |gns(x)]dx < oo, (A.6)

the negative sign of the Negative Sphere can be disregarded. We start by a variable

transformation z = ¥ — ¢ yielding, as the inner integral
_ 1l msE_x12_,2)2 _ 1 2_,2\2
X = / we 22 WF=EE=rY gy - / we w2 W=, (A7)
R3 R3

We now consider the fact that there is a positive scalar t* > 0, such that for all ¢ > t*,
t2 — r2 > t. Thus, we break the integral in (A.7) in two terms, one integrating over the ball
centered in zero with radius t*, B(0, t*), and another integrating over the complementary
region, outside the ball, B(0,t*)

X =/ _we w1 g, +/ we— a2 WIZIP=r22 5
B(0,t*) BO,)

The first integral
Xo =/ we 22 1A= g
B(0,t*)

exists and is bounded by the volume of the ball Vg multiplied by the maximum Cy defined
as

Cp = max we-#(nznz_yz)z-
B(0,t*)

Here, by the Weierstrass extreme value theorem, Cy is a finite number because the function
to be maximized is a continuous function over a compact set. The second integral can also

be bounded. According to the definition of t*,

Iyl >t* = Iyll* =7 > ||yl (A.8)
= (Iyll> = r3)* > [lyll? (A9)
= —(lyll* =% < =llyl? (A.10)
_ Uylh?=r?y? i
- e 252 <e 272 (Al].)
_ (=2 _lyli?
- we 2?2 < we 27, (A.12)

162



A.3. NEGATIVE SPHERE GENEO NON-EXPANSIVENESS PROOF

the first inequality entails the second because || y|| is a non-negative number. The integral

w2
Cl :/ we 252 dy
B(0,t*)

can be easily computed.
The overall integral is bounded by C = V3Co + C;. The constant C can be used to

normalize gns(x), making it non-expansive.
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