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SUMMARY

Automated analysis and interpretation of 3D urban environments from laser-scanned
point clouds has emerged as a critical research area with broad applications in
urban planning, land administration, autonomous driving, and navigation. Despite
remarkable progress in this field, researchers face two key challenges: (i) the
comparatively slower advancement of methodologies for 3D point cloud analysis
compared to 2D image-based techniques, and (ii) the difficulty of scaling these
methods to large and complex real-world urban environments. This thesis addresses
both aspects by exploring methodological innovations in 3D point cloud processing
and investigating their applicability to large-scale urban settings, with an overall aim
of supporting more robust and reliable interpretation of 3D urban scenes.

The first emphasis of this thesis is the development of fundamental deep learning
methodologies for 3D point cloud processing, specifically for the task of 3D
semantic segmentation, which aims to parse the urban scenes into semantically
meaningful parts. We have proposed two core technical contributions to effectively
address the limitations in existing research. First, from a local spatial perspective,
a boundary-guided refinement approach has been introduced to better preserve
fine-grained local boundary details and enhance semantic boundary delineation;
Second, zooming to a global perspective, a prototype expansion module has been
proposed to efficiently encode global semantic context as a set of prototype
embeddings, thereby mitigating the restricted receptive fields of conventional
approaches and enhancing overall segmentation performance. Together, the two
technical contributions improve the network’s feature learning capacity from both
local and global perspectives, leading to more accurate, context-aware, and robust
segmentation of complex urban environments.

Another focus of this thesis is the extension and scaling of 3D point cloud learning
methodologies to large-scale urban environments, with a particular emphasis on
specific urban objects such as trees. A novel structure-aware framework has been
introduced to explicitly leverage tree structural priors for robust segmentation of
individual tree instances. Compared to existing methods, this approach significantly
improves segmentation accuracy, especially in challenging urban areas with complex
and heterogeneous forestry structures.

Last, this thesis investigates the practical deployment of contemporary deep
learning architectures on real-world point cloud datasets, which are often affected by
noise, outliers, and annotation errors. To address these challenges, we have proposed
a confidence-based online learning framework that prioritizes high-confidence point
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samples during training while iteratively refining the labels of low-confidence points.
This approach effectively improves both the robustness of semantic segmentation
and the overall annotation quality of real-world point cloud datasets.

In summary, this thesis establishes a comprehensive framework for understanding
3D urban environments from point clouds by integrating methodological innovations
with practical deployment strategies. Beyond advancing the state of the art in
segmentation and interpretation, the proposed approaches lay the groundwork for
scalable, reliable, and adaptive solutions in real-world urban applications, providing
a solid foundation for future research in the intelligent processing, analysis, and
interpretation of large-scale 3D point cloud data.



SAMENVATTING

Geautomatiseerde analyse en interpretatie van 3D-stedelijke omgevingen op basis
van lasergescande puntenwolken is uitgegroeid tot een cruciaal onderzoeksgebied
met brede toepassingen in stedenbouw, landbeheer, autonoom rijden en navigatie.
Ondanks de opmerkelijke vooruitgang op dit gebied, staan onderzoekers voor
twee belangrijke uitdagingen: (i) de relatief trage ontwikkeling van methodologieën
voor 3D-puntenwolkanalyse in vergelijking met 2D-beeldgebaseerde technieken, en
(ii) de moeilijkheid om deze methoden op te schalen naar grote en complexe
stedelijke omgevingen in de praktijk. Deze thesis behandelt beide aspecten
door methodologische innovaties in 3D-puntenwolkverwerking te onderzoeken en
de toepasbaarheid ervan op grootschalige stedelijke omgevingen te bestuderen,
met als overkoepelend doel een robuustere en betrouwbaardere interpretatie van
3D-stedelijke scènes te ondersteunen.

De eerste focus van dit proefschrift ligt op de ontwikkeling van fundamentele
deep learning-methodologieën voor de verwerking van 3D-puntenwolken, specifiek
voor de taak van 3D-semantische segmentatie, die tot doel heeft stedelijke scènes
op te delen in semantisch betekenisvolle onderdelen. We hebben twee belangrijke
technische bijdragen voorgesteld om de beperkingen in bestaand onderzoek effectief
aan te pakken. Ten eerste is vanuit een lokaal ruimtelijk perspectief een
grensgestuurde verfijningsaanpak geïntroduceerd om fijnmazige lokale grensdetails
beter te behouden en de semantische grensafbakening te verbeteren; Ten tweede,
vanuit een mondiaal perspectief, is een prototype-uitbreidingsmodule voorgesteld om
de globale semantische context efficiënt te coderen als een set prototype-embeddings.
Hierdoor worden de beperkte receptieve velden van conventionele benaderingen
verminderd en de algehele segmentatieprestaties verbeterd. Samen verbeteren
deze twee technische bijdragen het vermogen van het netwerk om kenmerken te
leren vanuit zowel lokaal als globaal perspectief, wat leidt tot een nauwkeurigere,
contextbewuste en robuuste segmentatie van complexe stedelijke omgevingen.

Een ander aandachtspunt van dit proefschrift is de uitbreiding en opschaling
van 3D-puntwolk-leermethoden naar grootschalige stedelijke omgevingen, met
bijzondere nadruk op specifieke stedelijke objecten zoals bomen. Er is een
nieuw, structuurbewust raamwerk geïntroduceerd om expliciet gebruik te maken van
de structurele voorkennis van bomen voor robuuste segmentatie van individuele
boomsoorten. Vergeleken met bestaande methoden verbetert deze aanpak de
segmentatienauwkeurigheid aanzienlijk, met name in uitdagende stedelijke gebieden
met complexe en heterogene bosstructuren.
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XII SAMENVATTING

Tot slot onderzoekt dit proefschrift de praktische toepassing van hedendaagse
deep learning-architecturen op realistische puntwolk-datasets, die vaak beïnvloed
worden door ruis, uitschieters en annotatiefouten. Om deze uitdagingen aan
te pakken, hebben we een op betrouwbaarheid gebaseerd online leerframework
voorgesteld dat prioriteit geeft aan puntmonsters met een hoge betrouwbaarheid
tijdens de opleiding, terwijl de labels van punten met een lage betrouwbaarheid
iteratief worden verfijnd. Deze aanpak verbetert effectief zowel de robuustheid
van de semantische segmentatie als de algehele annotatiekwaliteit van realistische
puntwolk-datasets.

Samenvattend biedt dit proefschrift een alomvattend raamwerk voor het
begrijpen van 3D-stedelijke omgevingen aan de hand van puntenwolken, door
methodologische innovaties te integreren met praktische implementatiestrategieën.
Naast het bevorderen van de stand van de techniek op het gebied van segmentatie
en interpretatie, leggen de voorgestelde benaderingen de basis voor schaalbare,
betrouwbare en adaptieve oplossingen in realistische stedelijke toepassingen. Dit
biedt een solide fundament voor toekomstig onderzoek naar de intelligente
verwerking, analyse en interpretatie van grootschalige 3D-puntenwolkdata.
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1
INTRODUCTION

1.1. BACKGROUND AND MOTIVATION

We live in a three-dimensional world composed of diverse urban entities, such as
buildings, lampposts, roads, and vegetation. With the accelerated expansion of cities
and the ongoing urbanization process, there is an ever-increasing demand from both
academia and industry for advanced methodologies to understand and model the
complex urban environment from rich-sourced spatial information (Biljecki et al.,
2015; Bouzas et al., 2020). In particular, extensive research has been conducted on
3D urban scene understanding, aiming to develop computational frameworks for
interpreting and reconstructing urban landscapes (Geiger et al., 2011).

Understanding the urban scenes requires addressing two fundamental questions:
(1) What are the objects in the scene? (2) Where are the objects in the
scene? Answering these questions is key to the success of various applications
in urban studies and geospatial information science. For instance, segmenting
urban scenes into semantically meaningful objects facilitates the generation of
high-resolution 3D city models (Stoter et al., 2014), which play a critical role in
urban digitalization, land administration, and city management. Meanwhile, precise
object detection and localization within urban environments serve as foundational
tasks in positioning (Hsu et al., 2015), robotics navigation (Crespo et al., 2020),
and autonomous driving (Yurtsever et al., 2020). Moreover, accurate urban
scene interpretation provides valuable input for environmental analysis and urban
simulation (García-Sánchez et al., 2018), contributing to sustainable urban planning
and ecological benefits for society.

Recent advancements in 3D data acquisition technologies, such as Light Detection
and Ranging (LiDAR), have greatly encouraged the collection and utilization of
3D geospatial information for urban scene analysis. LiDAR systems capture 3D
object surfaces as a set of discrete points, namely point clouds, within Euclidean
space. Compared to 2D imagery, LiDAR point clouds inherently provide precise 3D
measurements by preserving the raw geometries of objects in 3D, making them

1
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2 1. INTRODUCTION

a preferred data representation for urban environments (Landrieu et al., 2017).
However, unlike images embodied with regular grid structures, LiDAR point clouds
exhibit sparsity, lack of order, and irregular spatial distribution. These characteristics
present significant challenges for 3D urban scene understanding from point clouds,
as conventional 2D image processing techniques, such as Convolutional Neural
Networks (CNNs) (Krizhevsky et al., 2012), may not be directly applicable or effective
for analyzing 3D point cloud data.

(a) Urban scene rendered in meshes1 (b) LiDAR point clouds with semantics

Figure 1.1: An example of 3D urban scene (a) represented with point clouds (b). We
use the following colors to render distinct urban semantics: building,

vegetation, ground, and water.

Early approaches to urban scene interpretation from point clouds primarily relied
on manual annotation and visual inspection of the obtained urban data, which
are labor-intensive and costly. With the emergence of Artificial Intelligence (AI),
specifically deep learning technologies, classifying and segmenting urban point
clouds has become increasingly automated over the past few decades. Traditional
machine learning methods typically employ a two-step pipeline: first, hand-crafted
point features are extracted, followed by the training of a supervised classifier to
assign point labels (Niemeyer et al., 2014, 2016; Thomas et al., 2018; Weinmann et al.,
2015). Nevertheless, these approaches often require considerable domain expertise
and extensive feature engineering to ensure high-quality representations. On the
contrary, recent deep learning techniques enable direct processing of raw point
cloud data and generate strong feature maps by learning to represent objects as a
nested hierarchy of concepts, discarding the human efforts to design domain-specific
features (Goodfellow, 2016).

The paradigm shift from conventional machine learning to more recent deep
learning has significantly enhanced the efficiency and accuracy of numerous tasks
such as natural language processing (Young et al., 2018), image analysis (Krizhevsky
et al., 2012), and 3D computer vision (Qi, Su, et al., 2017). Specifically, a large
number of deep learning-based frameworks have been developed for 3D urban scene

1Image is sourced from Google Earth: https://earth.google.com/.
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interpretation from point cloud data, including projection-based methods (H. Guo
et al., 2016; Qi et al., 2016; H. Su et al., 2015), voxelization-based methods (Choy
et al., 2019; Maturana & Scherer, 2015; Riegler et al., 2017), and point-based
methods (Lai et al., 2022; H. Lin et al., 2023; Qi, Su, et al., 2017; Qi, Yi, et al., 2017;
Qian et al., 2022; Thomas et al., 2019; X. Wu et al., 2024; H. Zhao et al., 2021).

Despite the remarkable progress in this field, deep learning-based 3D urban scene
analysis from LiDAR point clouds still faces critical challenges. One major challenge
is the comparatively slower development of deep learning-based methods for point
cloud processing relative to image-based approaches. Another challenge lies in how
to effectively scale these frameworks to real-world urban environments with the
increased complexity, larger spatial extent, and greater data uncertainties. To bridge
these gaps, this thesis advances the core methodologies of 3D point cloud learning
and investigates their application to large-scale, real-world urban settings, both of
which are critical for automated object interpretation and precise spatial localization
in urban environments.

Primarily, this thesis focuses on advancing deep learning methodologies for point
cloud processing, with an emphasis on the task of 3D semantic segmentation, which
aims to assign a class label (e.g., building, vegetation, water, and road) to each
point to achieve a structured interpretation of the urban layouts. Contemporary
3D point cloud learning methods, including MLP-based (H. Lin et al., 2023; Qi,
Yi, et al., 2017; Qian et al., 2022), convolution-based (Y. Li et al., 2018; Thomas
et al., 2019), and transformer-based architectures (Lai et al., 2022; X. Wu et al.,
2022; H. Zhao et al., 2021), have demonstrated promising performance in various
urban scene interpretation tasks. However, most approaches exhibit two key
limitations: First, from a local spatial perspective, segmentation accuracy near
object boundaries is often degraded due to the loss of fine-grained geometric
details; Second, from a global perspective, limited receptive fields greatly hinder the
ability to capture long-range semantic dependencies and contextual relationships
among urban objects. To cope with these challenges, this thesis proposes two
core technical contributions: (i) a boundary-guided local refinement mechanism
designed to preserve and enhance semantic boundary delineation; (ii) a Prototype
Expansion method that efficiently encodes global semantic contextual information
to improve urban scene interpretation. Collectively, these technical innovations
improve the representational capacity of the network, which contributes to more
accurate, context-aware, and robust segmentation of complex urban scenes.

In addition to fundamental technical advancements, this thesis also investigates
methodologies for scaling 3D point cloud learning frameworks to large-scale and
highly complex real-world urban environments. First, it targets a representative
urban object category, i.e., tree, proposing a structure-aware deep learning framework
for large-scale tree segmentation at the instance level. Our selection of trees is
motivated by their ecological and aesthetic importance in urban landscapes, as
well as the structural complexity they introduce to urban scene analysis. Existing
heuristic-based (Lee et al., 2010; J. Wang et al., 2018; Yun et al., 2021) and
learning-based (Hakula et al., 2023; Henrich et al., 2024; T. Jiang, Wang, et al., 2023)
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methods for individual tree segmentation often struggle in complex forestry scenes,
particularly when confronted with dense canopies, occlusions, and varying tree
geometries. We propose to overcome this limitation by explicitly leveraging structural
priors, such as tree stems, to enable robust detection and delineation of individual
tree instances under challenging conditions. Furthermore, in this thesis, we explore
the practical deployment of contemporary deep learning architectures on real-world
datasets, such as the Dutch airborne LiDAR dataset (AHN, 2025). To address the
semantic segmentation challenges related to data uncertainties and annotation errors
in real-world scenes, we propose a confidence-aware online learning framework that
prioritizes high-confidence point samples during training while iteratively refining
the labels of low-confidence points. Our approach effectively enhances both the
segmentation robustness and the annotation quality of real-world point clouds.

By integrating these technical innovations as well as their practical deployments,
this thesis establishes a robust framework for 3D urban scene understanding from
point clouds. Our proposed methods are designed to be adaptable across different
data types, varying scene scales, and inherent data uncertainties, thereby improving
both the generalizability and applicability of deep learning models for urban scene
analysis. In Section 1.2, we formally state our research problems. In Section 1.3, we
provide a detailed articulation of the research objectives and questions.

1.2. PROBLEM STATEMENT

This thesis investigates the automated interpretation and understanding of 3D urban
scenes from LiDAR point clouds. Focusing on both fundamental methodology
advancements and practical deployment, four key problems have been identified to
overcome the limitations of existing research.

Problem I. Addressing semantic segmentation from a local perspective: Concurrent
point cloud learning methods, particularly point-based CNNs, often exhibit
inconsistencies in scene parsing and struggle with precise local boundary delineation.

Semantic segmentation of LiDAR point clouds is a crucial task that benefits various
downstream applications, including urban modeling, environmental analysis, and
autonomous driving. Inspired by the success of Deep Neural Networks (DNNs)
in 2D imagery processing, numerous 3D point cloud learning networks have been
introduced (Y. Li et al., 2018; Qi, Yi, et al., 2017; Thomas et al., 2019, 2024; M. Xu,
Ding, et al., 2021). While promising, these networks severely suffer from poor
object boundary delineation due to the loss of fine-grained local details. Although
a few works have attempted to alleviate boundary segmentation errors by enforcing
additional smoothness constraints (L.-C. Chen et al., 2017; Zheng et al., 2015) or
incorporating object boundaries as priors (Gong et al., 2021; Z. Hu et al., 2020),
they do not explicitly tackle the fundamental issue of information loss, which greatly
bottlenecks the network’s capacity to learn strong feature maps at high resolutions,
thereby leading to suboptimal segmentation performance in local boundary regions.
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Problem II. Addressing semantic segmentation from a global perspective: There is a
shortage of effective global-level point cloud learning methods to facilitate consistent
and efficient segmentation across entire scenes.

The introduction of PointNet and PointNet++(Qi, Su, et al., 2017; Qi, Yi, et al.,
2017) marked a significant breakthrough in point cloud processing. Following
them, numerous point-based deep learning approaches have been developed,
with a primary focus on designing local feature aggregation functions (Y. Li
et al., 2018; H. Lin et al., 2023; X. Ma et al., 2022; Thomas et al., 2019).
Despite their strong performances on various point cloud interpretation tasks,
they share a fundamental limitation: The receptive fields are constrained since
the feature learning operators are typically applied within local neighborhood
regions. Theoretically, it is possible to perform global operators, such as the
attention mechanism, over the entire scene. However, in practice, applying such
mechanisms to large-scale point clouds is computationally prohibitive due to the
high volume of input points. Striking a balance between computational efficiency
and effective global contextual reasoning remains a critical open challenge in the field.

Problem III. Addressing real-world tree segmentation at the instance level: Trees
contribute significant ecological value, but also introduce considerable challenges to
urban scene analysis. Existing instance segmentation methods remain inadequate for
large-scale applications, particularly in handling variations in tree size and shape.

3D instance segmentation represents a finer-grained interpretation of urban scenes
by partitioning scenes into distinct object instances. Among common urban
objects, buildings and trees play a vital role as they constitute a substantial
portion of the built environment. While buildings can often be extracted and
reconstructed using footprint data (Peters et al., 2023), modeling trees is more
challenging due to their complex and irregular structures. Moreover, accurate
mapping of individual urban trees brings significant value to urban environmental
simulation, ecosystem analysis, and forestry management (Maltamo et al., 2014).
Traditional tree instance segmentation methods rely on heuristics and domain-
specific knowledge (Hakula et al., 2023; Lee et al., 2010; J. Wang et al., 2018).
With the advances of deep learning, researchers have explored learning-based
methods for tree instance segmentation (Henrich et al., 2024; T. Jiang, Wang,
et al., 2023; H. Luo et al., 2021; P. Wang et al., 2023). However, most existing
methods struggle to accurately identify individual trees in complex urban forests,
where trees exhibit dense overlap, occlusions, and varying geometries. There is
still a pressing need for developing advanced learning-based methods to robustly
segment 3D tree instances at large scales, especially in intricate forestry environments.

Problem IV. Towards data-efficient learning for real-world urban scene interpretation:
Effective semantic segmentation methods tailored for real-world point clouds, which
contain outliers, data uncertainties, and annotation errors, are notably lacking.

The vast majority of existing methods for 3D point cloud learning are fully
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supervised, assuming the availability of dense point-wise annotations. However,
acquiring such high-quality annotations is both costly and time-consuming. Real-
world datasets, such as Dutch LiDAR point cloud (AHN, 2025), inevitably come
with data noises, outliers, and labeling errors, making them challenging to analyze
using well-established fully supervised methods. Several studies have explored
data-efficient learning strategies for point cloud understanding, such as weakly
supervised learning (Yao et al., 2024), unsupervised pre-training (Xie et al., 2020),
and knowledge distillation (Y. Liu et al., 2024). However, the effectiveness and
applicability of these approaches on large-scale, real-world datasets such as the
Dutch point cloud remain largely unexplored.

1.3. RESEARCH OBJECTIVES AND QUESTIONS

The main research objective of this thesis is to develop and implement an automatic
and robust framework for the semantic and instance-level interpretation of 3D urban
scenes from LiDAR point clouds. Our proposed framework aims to enhance semantic
segmentation by improving local consistency and global contextual reasoning.
Additionally, we investigate fine-grained instance segmentation, specifically targeting
challenging urban forestry trees at large scales. Last, it explores data-efficient
learning strategies for real-world datasets such as airborne LiDAR point clouds. To
this end, the following research questions have been defined for each research
problem identified in Section 1.2.

Problem I. Addressing semantic segmentation from a local perspective: Concurrent
point cloud learning methods, particularly point-based CNNs, often exhibit
inconsistencies in scene parsing and struggle with precise local boundary delineation.

Research questions:

1. What are the underlying reasons of suboptimal boundary delineation in existing
point cloud learning approaches?

2. How can boundary priors be effectively integrated to reduce segmentation errors
and enhance local-level consistency?

This thesis will address these questions by developing an automatic 3D semantic
segmentation algorithm to explicitly mitigate segmentation inconsistencies and
ambiguities near object boundaries.

Problem II. Addressing semantic segmentation from a global perspective: There is a
shortage of effective global-level point cloud learning methods to facilitate consistent
and efficient segmentation across entire scenes.

Research questions:

1. What factors limit the capacity of deep neural networks to perform effective
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global-level analysis on point clouds?

2. How can we design a feature operating module that leverages global contextual
knowledge to enhance semantic segmentation, while minimizing computational
and memory costs?

This thesis will answer these questions by developing a network module to per-
form efficient global analysis for point cloud learning and urban scene understanding.

Problem III. Addressing real-world tree segmentation at the instance level: Trees
contribute significant ecological value, but also introduce considerable challenges to
urban scene analysis. Existing instance segmentation methods remain inadequate for
large-scale applications, particularly in handling variations in tree size and shape.

Research questions:

1. Which shape characteristics distinguish trees from other types of urban objects
and can be exploited for instance segmentation tasks?

2. How to effectively address tree overlap, occlusion, and geometric variations in
challenging urban forestry areas?

This thesis will address the questions by developing a robust deep learning-based
approach for automated 3D instance segmentation of trees in large-scale urban and
nature forestry scenes.

Problem IV. Towards data-efficient learning for real-world urban scene interpretation:
Effective semantic segmentation methods tailored for real-world point clouds, which
contain outliers, data uncertainties, and annotation errors, are notably lacking.

Research questions:

1. How can data uncertainties be measured and leveraged to improve semantic
understanding of point clouds in real-world environments?

2. How well does the confidence-based approach perform on real-world airborne
point clouds, and what are its potential applications?

This thesis will answer these questions by developing a data-efficient learning
strategy for the interpretation of real-world urban point clouds, accounting for data
outliers, uncertainties, and annotation defects.

1.4. THESIS OUTLINE

This thesis consists of seven chapters. Chapter 1 introduces the topic, outlines key
open challenges, and defines the corresponding research objectives. Subsequent
chapters are structured to address each specific research objective:
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• Chapter 2 introduces the fundamentals of point cloud data and background
knowledge on 3D urban scene understanding, with a focus on recent
advancements in deep learning for scene segmentation at the semantic and
instance levels.

• Chapter 3 presents a boundary-guided approach to enhance local-level
semantic segmentation near object boundaries. It incorporates boundary priors
to guide the feature propagation process, thereby preserving local structure
details and reducing boundary errors. Its effectiveness is rigorously evaluated
on indoor and outdoor urban scenes.

• Chapter 4 explores global contextual reasoning for urban scene analysis. It
introduces a novel approach that encodes global scene-level knowledge into
class prototype embeddings, establishing feature-wise associations between
individual points and class descriptors through a Prototype Expansion
mechanism, which is flexible and easy to plug into existing networks.
Evaluation across various datasets has demonstrated the effectiveness of the
proposed method.

• Chapter 5 focuses on fine-grained 3D segmentation at the instance level,
specifically targeting urban trees at large scales. It is driven by the inherent
complexities and significant ecological importance of tree segmentation.
The chapter introduces a structure-aware learning-based method that jointly
segments crowns and stems, enhancing the accuracy of individual tree
identification. This approach is extensively evaluated on urban and nature
forestry datasets, demonstrating its robustness across diverse 3D forestry
environments.

• Chapter 6 investigates 3D segmentation of real-world data, proposing a data-
efficient strategy designed to cope with the impact of outliers, uncertainties,
and annotation inconsistencies. By incorporating data uncertainty measures,
this strategy refines semantic segmentation by leveraging partial point cloud
samples for learning. Experiments on Dutch point cloud datasets (AHN, 2025)
have validated its effectiveness and applicability in real-world urban scenes.

• Chapter 7 summarizes the research performed by this thesis, including key
conclusions, critical reflections, and future perspectives. Additionally, it
provides recommendations for further research to extend this study and
enhance the automated analysis, interpretation, and monitoring of 3D urban
environments.



2
FUNDAMENTALS OF POINT CLOUDS

AND 3D URBAN UNDERSTANDING

This chapter presents fundamental principles to understand urban environments from
3D point clouds. It provides an overview of point cloud acquisition methods, data
types, and inherent properties. It also examines recent advancements in automated
techniques for parsing, analyzing, and interpreting urban scenes from point clouds,
with a particular emphasis on two key 3D perception tasks: semantic segmentation and
instance segmentation. Besides, this chapter discusses the importance of 3D semantic
and instance-level information in various urban socio-ecological applications.

9
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2.1. POINT CLOUD OVERVIEW

A point cloud is a discrete set of points in the Euclidean space, with each point
defined by three Cartesian coordinates (x, y, z). The points naturally capture the
external surface and geometric structure of an object. Due to their simplicity, unified
representation, and capacity to accurately model 3D geometry, point clouds have
become a vital data type in surveying, with widespread applications across computer
vision and computer graphics, including urban reconstruction, virtual reality, and
autonomous driving. However, there are also challenges in using point cloud data.
First, the points are sparse and irregularly distributed in the 3D space, making it
difficult to analyze them for 3D urban interpretation tasks. Additionally, it often
requires massive amounts of data (e.g., millions) to fully capture an urban scene,
which can pose significant scalability challenges to existing solutions due to the high
data volume and processing complexity.

2.1.1. DATA ACQUISITION TECHNIQUES

Point clouds can be derived from 2D sources, such as images, using photogrammetry
techniques. This is done by combining multiple overlapping images from disparate
viewpoints and simultaneously optimizing the camera parameters and 3D key point
coordinates to reconstruct scene geometry. Structure from Motion (SfM) and Multi-
View Stereo (MVS) are among the most widely adopted close-range photogrammetry
methods (Schonberger & Frahm, 2016; Snavely et al., 2006), which employ robust
feature detectors such as Scale-Invariant Feature Transform (SIFT) (Lowe, 1999)
to automate the generation of high-resolution point clouds. With the availability
of various SfM and MVS systems, they have gained significant prominence in
topographical analysis (James & Robson, 2012), landscape modeling (Smith & Vericat,
2015), and other geoscience applications (Westoby et al., 2012).

In contrast to photogrammetry, the more straightforward approach to acquiring
point clouds is through LiDAR. A LiDAR system is implemented by emitting pulsed or
modulated laser beams to target an object’s surface and measuring precise distances
based on the time of travel for the reflected laser signal (Taylor, 2019). The output
of laser scanning is high-resolution point clouds that are ideally suited for leveling
and surveying purposes. LiDAR point clouds can be collected through various
methodologies, including Airborne Laser Scanning (ALS), Mobile Laser Scanning
(MLS), and Terrestrial Laser Scanning (TLS) (Shan & Toth, 2018):

• ALS: The LiDAR system is deployed on an aerial platform to acquire large-scale
topographic data, which is particularly effective for extensive land surveying.

• MLS: The LiDAR scanner is mounted on a moving vehicle to dynamically
capture 3D spatial data, which is commonly applied in autonomous driving
and road mapping.

• TLS: The LiDAR system is positioned on a stationary platform to perform
high-precision scanning, which is widely used in architectural documentation,
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construction monitoring, and archaeological studies.

(a) ALS (b) MLS (c) TLS

Figure 2.1: Three laser scanning techniques to obtain LiDAR data.1

Figure 2.1 illustrates the ALS, MLS, and TLS systems for acquiring LiDAR point
clouds. With the rapid advancement of these laser scanning technologies, the
collection and utilization of 3D point cloud data have expanded significantly. In
particular, numerous publicly available datasets have recently been released with
dense semantic annotations, such as S3DIS (Armeni et al., 2016), ScanNet (Dai
et al., 2017), ISPRS (Rottensteiner et al., 2012), PL3D (Roynard et al., 2018),
Semantic3D (Hackel et al., 2017), Toronto3D (W. Tan et al., 2020), DALES (Varney
et al., 2020), and SensatUrban (Q. Hu et al., 2021). These datasets have played
a vital role in advancing deep learning-based point cloud analysis for urban 3D
understanding, facilitating the development of novel methods for 3D segmentation
at both the scene and instance levels.

2.1.2. POINT CLOUD FEATURES

LiDAR point cloud data stores precise 3D spatial measurements along with additional
point-wise spectral attributes, including RGB color, intensity, and number of return.
These features are crucial for the semantic interpretation of urban 3D scenes. For
example, LiDAR return intensity could be combined with aerial image intensity to
classify the input points into distinct categories such as buildings, trees, roads, and
grass (Lodha et al., 2006).

Besides spectral features, researchers have made numerous efforts in designing
handcrafted features, which refer to data properties manually engineered by
humans based on domain knowledge priors or specific algorithms, to encode
statistical or contextual properties of the points. Most existing studies focused on
extracting discriminative shape descriptors characterized by the local neighborhood
of individual points. One strategy is to exploit point feature histograms (Rusu

1Images are sourced from online.
ALS: https://commons.wikimedia.org/wiki/File:Airborne_Laserscan-DSC_0089w.jpg
MLS: https://www.mdpi.com/2072-4292/10/4/492
TLS: https://forschungsinfrastruktur.bmbwf.gv.at/en/fi/3d-terrestrial-laser-scanner-riegl-vz-4000_3715

https://commons.wikimedia.org/wiki/File:Airborne_Laserscan-DSC_0089w.jpg
https://www.mdpi.com/2072-4292/10/4/492
https://forschungsinfrastruktur.bmbwf.gv.at/en/fi/3d-terrestrial-laser-scanner-riegl-vz-4000_3715
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et al., 2008) or point orientation histograms (Tombari et al., 2010) to describe local
geometric structures. Another strategy is to compute the covariance matrix from the
3D coordinates of neighboring points to analyze local surface variations. Using the
eigenvalues λ1,λ2,λ3 of the covariance matrix, one can derive eigen-based features
to quantitatively describe the local geometrical properties such as linearity, planarity,
and sphericity (Weinmann et al., 2015; West et al., 2004). Table 2.1 summarizes
commonly used eigenfeatures for point cloud analysis.

Formulation

linearity (λ1 −λ2)/λ1

planarity (λ2 −λ3)/λ1

anisotropy (λ1 −λ3)/λ1

sphericity λ3/λ1

omnivariance 3
√
λ1λ2λ3

eigen-entropy −∑3
i=1λi logλi

Table 2.1: Commonly used eigenfeatures for 3D point cloud analysis (Weinmann
et al., 2015). λ1,λ2,λ3 denote the eigenvalues of the covariance matrix
derived from the local neighborhood of a given point and λ1 ≥λ2 ≥λ3.

Handcrafted features are often integrated with LiDAR spectral attributes for 3D
scene analysis. These features can be used as input to supervised classifiers, such
as Support Vector Machine (J. Zhang et al., 2013), Random Forest (Niemeyer et al.,
2013), Gaussian Mixture Model (Lalonde et al., 2005), or Bayesian Discriminant
Classifier (Khoshelham et al., 2013), to achieve point-wise semantic classification.
Nevertheless, for a specific urban scene, it is not trivial to find the optimal
combination of features (Qi, Su, et al., 2017) due to variations in scene complexity
and feature relevance.

2.2. 3D SEMANTIC SEGMENTATION

Recent advancements in deep learning have greatly revolutionized 3D semantic
segmentation from point clouds. Deep learning directly learns robust feature
representations from raw input, eliminating the need for manually designed and
selected features (see Section 2.1.2). Existing deep learning approaches for 3D
semantic segmentation can be categorized into projection-based, discretization-
based, and point-based methods (Y. Guo et al., 2020).

2.2.1. PROJECTION-BASED METHODS

While standard deep learning networks, e.g., CNNs, have demonstrated remarkable
success in 2D image recognition, their application on 3D point clouds remains
challenging due to the irregular and sparse distribution of points in 3D space.
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Figure 2.2: Deep projective 3D semantic segmentation (Lawin et al., 2017).

To address this issue, projection-based methods first project 3D points onto 2D
planes from multiple viewpoints and then use CNNs for 3D semantic recognition.
The Multi-View Convolutional Neural Network, introduced by H. Su et al. (2015),
constructs a multi-view representation of 3D input from virtual cameras and
aggregates information from different perspectives to generate a compact and
discriminative 3D feature descriptor. Similar strategies have been employed by
H. Guo et al. (2016), Qi et al. (2016), Z. Yang and Wang (2019), and T. Yu et al. (2018)
for 3D object recognition. Furthermore, projection-based approaches have also been
adopted for 3D semantic segmentation and urban scene analysis (Lawin et al.,
2017). As depicted in Figure 2.2, semantic classification is performed on projected
pseudo-images and subsequently mapped back to the original point clouds.
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2.2.2. VOXELIZATION-BASED METHODS

Another approach for enabling standard CNNs to process irregular point clouds is
to voxelize the points within a 3D volumetric grid. VoxNet (Maturana & Scherer,
2015) and ShapeNet (Z. Wu et al., 2015) are among the earliest studies that extend
convolutional networks to operate on voxelized point clouds. However, volumetric
representations often incur high computational costs. To address this, Riegler et al.
(2017) proposed an octree-based 3D representation, reducing runtime and memory
storage by leveraging hierarchical octrees to store sparse point clouds. Graham
et al. (2018) proposed submanifold sparse convolutional networks, which optimize
the processing of voxelized data using standard U-Net architectures (Çiçek et al.,
2016). Choy et al. (2019) developed the Minkowski Engine, an auto-differentiation
framework for sparse tensors, incorporating generalized sparse convolutions for 3D
voxel-based learning.

Nevertheless, even with improved computational efficiency, voxelization can
introduce discretization artefacts and information loss, potentially leading to
suboptimal performance in downstream tasks.

2.2.3. POINT-BASED METHODS

Contrary to projection-based and voxelization-based methods, point-based methods
directly process raw point clouds with deep neural networks, eliminating the need
for intermediate transformations. Over the past decade, these methods have gained
significant attention and have become the predominant approach for 3D urban scene
analysis. Based on the design of point-wise feature learning mechanisms, point-based
methods can be categorized into three main categories: point Multi-Layer Perceptron
(MLP) networks, point convolutional networks, and point transformer networks.

POINT MLP NETWORKS

An MLP is a fundamental computational unit in deep neural networks, comprising
fully connected neurons with nonlinear activation functions (Cybenko, 1989).
PointNet (Qi, Su, et al., 2017), a seminal research in point cloud learning, employs
a sequence of MLP layers to directly process raw 3D points without requiring
intermediate data transformations. These MLP layers are shared across all points to
encode point-wise features, followed by a global max-pooling layer that aggregates
features into a permutation-invariant and robust global descriptor (Figure 2.3).

The original PointNet fails to capture local contextual relationships and fine-
grained structural details in 3D scenes. To alleviate this issue, the follow-up
PointNet++ (Qi, Yi, et al., 2017) employs a hierarchical design to recursively apply
PointNet over a nested partitioning of the point set. By combining features
from multi-scale local neighborhoods and aggregating local contexts hierarchically,
PointNet++ enhances its capability to model fine structural details. Inspired by
PointNet and PointNet++, H. Zhao et al. (2019) proposed PointWeb, which learns
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pairwise interactions among points by densely connecting neighboring points into a
web-like structure. RandLaNet (Q. Hu et al., 2020), on the other hand, improves the
efficiency of processing large-scale point clouds by employing a fast point sampling
strategy.

Figure 2.3: PointNet architecture (Qi, Su, et al., 2017).

Since 2019, point MLP networks have been largely surpassed by more advanced
architectures, such as point convolutional networks and transformers. Very recently,
however, MLP-based networks were revisited with improved network design. Notably,
incorporating geometric surface priors (Ran et al., 2022) or enhancing local regional
geometry learning (X. Ma et al., 2022) has led to substantial performance gains
in PointNet++. Furthermore, the studies of PointNext (Qian et al., 2022) and
PointMetabase (H. Lin et al., 2023) have also shown that the classical PointNet++ can
be significantly enhanced through advanced model scaling and network optimization
techniques, enabling it to outperform many state-of-the-art networks such as Point
Transformer (H. Zhao et al., 2021). Figure 2.4 illustrates the architectural differences
between PointNet++ and PointNext.

POINT CONVOLUTIONAL NETWORKS

Point-based convolution methods aim to define explicit convolutional operators that
extend naturally to 3D space. Compared to MLP, point-based convolutions offer
a more structured parameter-sharing mechanism, which enhances computational
efficiency and accelerates network convergence.

One of the earliest convolution studies, PointCNN (Y. Li et al., 2018), introduces an
X-transformation that reorders and weights point features to ensure they are suitable
for processing by a 3D convolutional operator. Several subsequent studies have been
dedicated to parameterized kernel functions to extend convolutions over the full
continuous vector space (S. Wang et al., 2018; Y. Xu et al., 2018). A representative
method in this category, KPConv (Thomas et al., 2019), defines convolutional kernels
as a set of evenly distributed spherical 3D points, allowing pseudo-kernel features
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Figure 2.4: PointNext architecture (Qian et al., 2022).

to be generated and processed using regular convolution operations (Figure 2.5).
The flexibility to determine the number and the location of kernels also enables
KPConv to perform deformable convolutions that learn to adapt kernel positions
to local geometric structures. Following KPConv, PAConv (M. Xu, Ding, et al.,
2021) dynamically learns convolutional weights based on point position-aware
embeddings, while KPConvX (Thomas et al., 2024) further enhances the model
adaptability by incorporating a kernel attention mechanism to scale convolutional
weights dynamically.

Figure 2.5: Extending 2D convolution (left) to 3D Kernel point convolution (right)
(Thomas et al., 2019).

POINT TRANSFORMER NETWORKS

Initially designed for Natural Language Processing (NLP) tasks (Vaswani et al.,
2017), transformer-based architectures have demonstrated great power in capturing
long-range contextual dependencies among objects. This capability has enabled
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transformers to surpass classical CNNs in various 2D image understanding
tasks (Dosovitskiy, 2021; Kirillov et al., 2023; Z. Liu et al., 2021, 2022).

Furthermore, transformers are particularly well-suited for processing point clouds.
The reason is that the self-attention mechanism, the core component of transformer
networks, is by nature a set operator, which well respects the permutation and
cardinality invariance of the input points. The first transformer network specifically
designed for point cloud analysis was introduced by H. Zhao et al. (2021), as
illustrated in Figure 2.6. Point Transformer implements self-attention within local
k-Nearest Neighbor (kNN) regions, where each point attends to its neighbors
to aggregate contextual features. Meanwhile, positional encoding, an essential
component in NLP transformers, is integrated into the local attention mechanism
to incorporate geometric information. Around the same time, PCT (M.-H. Guo
et al., 2021) was proposed, following a similar design principle as Point Transformer.
However, PCT employs global attention rather than local attention, which restricts
its scalability when applied to large-scale scenes with a high volume of points.

Figure 2.6: Point Transformer architecture (H. Zhao et al., 2021).

Following Point Transformer, many research efforts have been devoted to 3D
transformer architectures for point cloud understanding and scene segmentation.
PT v2 (X. Wu et al., 2022) improves Point Transformer by using grouped
weighting techniques and partition-based feature pooling. Stratified Transformer (Lai
et al., 2022) enhances the capture of contextual dependencies in long ranges
by simultaneously sampling dense nearby points and sparse distant points as
keys. Superpoint Transformer (Robert et al., 2023) hierarchically partitions the
input point set into superpoints, which are groups of points that are spatially
proximate and geometrically homogeneous. A transformer model is then applied
to capture the relationships between these partitioned superpoints at multiple
scales. Similarly, P.-S. Wang (2023) revisited the Octree data structure, proposing an
Octree-based transformer to enhance the efficiency of point cloud interpretation.
Y.-Q. Yang et al. (2023) extended the successful image-based Swin Transformer to 3D,
showing that a pretrained Swin3D model on large synthetic datasets can generalize
well to downstream segmentation tasks. PT v3 (X. Wu et al., 2024) significantly
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advances the previous Point Transformer and PT v2 by replacing the traditional
kNN search with an efficient serialized neighbor mapping of points organized with
specific spatial patterns, thereby enabling larger receptive fields.

2.2.4. SUMMARY

To conclude, 3D semantic segmentation of LiDAR point clouds is a valuable yet
complex task that requires a comprehensive understanding of point data structure,
object geometry, and spectral characteristics. Recent state-of-the-art deep learning
methods have largely advanced this field, negating the need to manually design
and select handcrafted point features. However, unlike 2D image processing,
deep learning for point clouds is still rapidly evolving. In this research, we
address 3D semantic segmentation through two primary approaches: Locally, we
incorporate boundary priors to encourage consistent semantic segmentation near
object boundaries (Chapter 3); Globally, we perform class prototype expansion to
enhance the overall representation of point features (Chapter 4). Through these
two techniques, our objective is to achieve more accurate and consistent semantic
segmentation of urban point clouds.

2.3. 3D INSTANCE SEGMENTATION

Compared to 3D semantic segmentation, 3D instance segmentation is a more
challenging task, as it requires a finer-grained understanding of point clouds.
Specifically, it not only needs to classify points into different semantic categories
but also needs to distinguish individual object instances within the same semantic
category. Most research in this domain leverages the networks discussed in Section 2.2
for deep point feature embedding, then adopts additional network modules or
postprocessing techniques to achieve instance-level segmentation. Overall, existing
studies in 3D instance segmentation can be divided into proposal-based methods
and proposal-free methods (Y. Guo et al., 2020).

2.3.1. PROPOSAL-BASED METHODS

Proposal-based methods tackle instance segmentation in two stages: object detection
and instance masking. This detect-then-segment strategy was initially introduced in
Mask Region-based Convolutional Neural Networks (Mask R-CNN) (He et al., 2017)
and later became highly influential in image-based instance segmentation tasks (Cai
& Vasconcelos, 2018; Z. Huang et al., 2019; X. Wang et al., 2020).

Inspired by the success of Mask R-CNN and its variants in the 2D domain,
proposal-based approaches in 3D also adopt a top-down strategy, wherein proposals
are first generated and then refined to segment object instances. Yi et al.
(2019) introduced the Generative Shape Proposal Network, which employs an
analysis-by-synthesis strategy to obtain high-quality 3D proposals. A region-based
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PointNet is then utilized for proposal refinement and instance mask prediction. Hou
et al. (2019) presented the 3D-SIS network to jointly learn from both 2D and 3D
modalities, combining multi-modal features within deep neural layers to achieve
accurate 3D instance segmentation. Different from them, 3D-BoNet (B. Yang et al.,
2019) directly predicts object bounding boxes by regressing box boundaries using
MLP layers (Figure 2.7), followed by a point masking branch to obtain instance
masks. F. Zhang et al. (2020) introduced a specialized instance segmentation network
designed for large-scale outdoor LiDAR point clouds, which learns a dense feature
representation on the bird’s eye view, allowing more accurate localization and
segmentation, particularly for small and far-away objects.

Figure 2.7: 3D-BoNet workflow (B. Yang et al., 2019).

Overall, proposal-based methods share a simple and straightforward idea. Adopting
the detect-then-segment strategy, they can generate instance proposals with high
objectiveness. Nevertheless, most methods require multi-stage training and extensive
postprocessing to achieve good instance segmentation results.

2.3.2. PROPOSAL-FREE METHODS

Contrary to proposal-based approaches, most proposal-free methods rely on a
predict-then-group pipeline. The main assumption is that points belonging to the
same object instance exhibit highly similar features, and thus can be grouped based
on discriminative feature learning.

Similarity Group Proposal Network (W. Wang et al., 2018) is one of the pioneering
works in this category, learning a similarity map between pairwise points in the
feature space to group object instances. However, this method is limited by its high
computational and memory resource requirements. X. Wang et al. (2019) introduced
the Associatively Segmenting Instances and Semantics network to simultaneously
learn semantic and instance features, which mutually enhance each other. To
encourage individual points to closely group into the same instance, PointGroup (L.
Jiang et al., 2020) proposed an offset prediction module that learns explicit offset
vectors for each point directing towards its instance centroid. This technique enables
robust point grouping and has been widely adopted in follow-up studies. S. Chen
et al. (2021) extended PointGroup by adding a hierarchical instance aggregation
scheme. Dong et al. (2022) further enhanced consistency in instance segmentation
through the use of regional purity measurements. In contrast, SoftGroup (Vu et al.,
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2022) performs soft grouping by assigning each point to multiple instances and
refines the instance segmentation using a top-down strategy.

Figure 2.8 illustrates the pipeline of the representative proposal-free method,
PointGroup. Unlike proposal-based methods, these methods do not require
additional object detection modules. However, their point-wise grouping strategies
often lead to imprecise object boundaries and low objectness. A number of works
also seek transformer-based architectures to address 3D instance segmentation.
Mask3D (Schult et al., 2023) represents individual object instances as queries and
employs transformer decoding layers to generate instance masks. Lu et al. (2023)
further introduced a query refinement module that integrates both superpoint
features and multiscale features, enabling high-coverage, low-redundancy object
query initialization. Oneformer3D (Kolodiazhnyi et al., 2024) investigates the implicit
relationship between semantic segmentation and instance segmentation, unifying
the two tasks within a single framework. Despite their promising performance,
transformer-based approaches remain computationally and memory-intensive, posing
challenges for large-scale point cloud processing.

Figure 2.8: PointGroup pipeline (L. Jiang et al., 2020).

2.3.3. OBJECT-SPECIFIC INSTANCE SEGMENTATION

The methods discussed in previous Sections 2.3.1 and 2.3.2 were mainly proposed
for general 3D instance segmentation tasks. Besides, depending on specific research
objectives, instance segmentation techniques can also be tailored for particular urban
object categories. This section explores two distinct object types, buildings and trees,
which constitute the majority of 3D urban environments and are important objects
in urban applications. Precise mapping and analysis of building and tree instances
facilitate urban digitalization, simulations, enhanced environmental monitoring,
infrastructure management, and ecological assessments, supporting a wide range of
urban development initiatives. Nevertheless, compared to buildings, trees are more
challenging urban objects due to their irregular structures and complex geometries.

Buildings are man-made objects that typically exhibit regular shapes, planar
surfaces, and sharp edges. These characteristics enable automated extraction of
building outlines, also referred to as footprints, which play a crucial role in
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segregating individual 3D building instances. Widyaningrum et al. (2020) utilized
medial axis transform descriptors to detect building corner points, which were
subsequently connected to delineate building outlines. D. Chen et al. (2017) detected
building boundary primitives by clustering and assembled these primitives by taking
into account topological consistencies. Rottmann et al. (2022) formulated the
building footprint extraction problem as a Traveling Salesperson Problem, optimizing
the shortest possible tour among points to derive individual building boundaries.
Besides, more recent studies also seek up-to-date machine learning and deep
learning methods for building footprint extraction from point clouds (Dabove et al.,
2024; Park & Guldmann, 2019; M. Sharma & Garg, 2023). Given the availability
of building footprint data, one can easily extrude and model individual building
objects. Studies of 3DBAG (Peters et al., 2023) and City3D (J. Huang et al., 2022)
have reconstructed massive high-quality 3D building instances utilizing footprint
information,

In contrast to buildings, trees present greater challenges for instance segmentation
due to their irregular shapes and the structural complexity of forest ecosystems. An
analogy approach to building footprint extraction is tree watershed segmentation,
which delineates tree crown contours based on height variations in point cloud
data (Beucher, 1979; Q. Chen et al., 2006). This method typically requires
transforming the raw data into Digital Surface Models (DSMs) or Canopy Height
Models (CHMs) to facilitate crown delineation. An alternative approach, tree point
clustering, operates directly on raw point clouds by identifying dense clusters in 3D
space and segmenting individual tree instances (Hakula et al., 2023; Malladi et al.,
2024; J. Wang et al., 2018). Recently, deep learning techniques have frequently been
used in 3D tree instance segmentation, either on transformed data such as DSMs
and CHMs (Chang et al., 2022; J. Wang et al., 2019), or on the raw vegetation point
clouds (Henrich et al., 2024; T. Jiang, Wang, et al., 2023; H. Luo et al., 2021). They
have demonstrated great potential for large-scale forest monitoring and ecological
studies.

2.3.4. SUMMARY

Compared to 3D semantic segmentation, 3D instance segmentation provides a more
granular understanding of urban scenes by distinguishing distinct object instances
within the same semantic category. Many instance segmentation methods build
upon foundational point cloud learning networks, as discussed in Section 2.2, to
extract robust point features. Then, they adopt additional modules such as grouping
and masking to obtain final object instances.

Besides, a large number of 3D instance segmentation approaches have also
been tailored for specific urban object types, particularly buildings and trees, as
these elements constitute the majority of urban environments. Buildings typically
exhibit regular geometric structures and sharp edges, which facilitate the automated
extraction of building footprints and the delineation of individual instances. In
contrast, trees are significantly more challenging to segment due to their irregular
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geometries, varying types, and the structural complexity of forestry systems.
These factors often lead to segmentation errors, such as oversegmentation or
undersegmentation, in existing approaches. In this thesis, we focus on 3D instance
segmentation of urban trees, motivated by their critical ecological and environmental
importance. Our goal is to develop a robust and scalable method for large-scale 3D
tree instance segmentation, capable of handling occlusions, overlaps, and varying
tree morphologies (Chapter 5).

2.4. APPLICATIONS OF SEGMENTED POINT CLOUDS

Recent developments in remote sensing and laser scanning technologies have
significantly encouraged the fast, reliable, and low-cost acquisition of 3D LiDAR
point clouds. In particular, the proliferation of publicly available LiDAR datasets has
greatly accelerated deep learning research in point cloud processing, interpretation,
and segmentation, which serves as a foundation for various downstream applications
in urbanism and computer vision. These advancements enable precise and
automated urban environment assessments, contributing to digital innovations in
urban planning, governance, and socio-ecological studies.

Semantically enriched point clouds can be used to generate base maps in
cartography and cadastral applications, as they provide detailed representations
of key urban features such as buildings, vegetation, roads, and bridges. When
integrated with satellite imagery or aerial photos, they enable a comprehensive
and up-to-date analysis of land cover, land use, infrastructure, and green space
distribution (Kadaster, 2025). Specifically, unlike 2D images, segmented point clouds
offer precise 3D measurements of object surfaces, thereby facilitating the accurate
modeling and reconstruction of urban environments. A large number of studies have
successfully reconstructed high-fidelity 3D building (J. Huang et al., 2022; Ledoux
et al., 2021; Nan & Wonka, 2017; Peters et al., 2023) and tree models (Du et al., 2019;
Fan et al., 2020; Y. Liu et al., 2021) from segmented urban point clouds. Figure 2.9
presents two representative approaches for urban building and tree reconstruction.

By incorporating external data sources and domain expertise from other fields,
more advanced urban applications can be performed. For example, well-segmented
and reconstructed buildings support quantitative analyses of visibility (L. Liu
et al., 2010), daylight (Nazari & Matusiak, 2024), and solar potential (D. Li
et al., 2015), contributing to energy-efficient building designs and sustainable urban
planning (Agugiaro, 2016). These reconstructions also facilitate cost-effective Building
Information Modeling (BIM) (Arroyo Ohori et al., 2017). Similarly, precise mapping
and inventory of individual trees are essential for assessing above-ground biomass,
forest productivity, and carbon storage (Fan et al., 2020; Le Toan et al., 2011; F. Zhang
et al., 2016), which aid policymakers in developing climate change mitigation
strategies. The integration of key urban features (e.g., buildings, trees, roads, and
civil structures) further enables the automated digitalization of urban environments,
facilitating applications such as navigation (Cappelle et al., 2012), autonomous
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(a) 3D reconstructed buildings in Leiden.

(b) 3D tree modeling. From left to right: input points, tree branches, final model.

Figure 2.9: Reconstructing 3D urban buildings (Ledoux et al., 2021) and trees (Du
et al., 2019) from point clouds.

driving (Yurtsever et al., 2020), and traffic detection (Fu et al., 2023). Additionally,
by incorporating multidisciplinary expertise, researchers can perform advanced
urban simulations and environmental monitoring, including Computational Fluid
Dynamics analysis (Philips, 2014), air pollution modeling (Ujang et al., 2013), wind
flow simulation (Pad̄en et al., 2022), flood risk assessment (P. Luo et al., 2022), and
disaster management (Kemeç & Duzgun, 2006).

In conclusion, 3D point cloud data with enriched semantic and instance-level
information greatly benefits a broad array of applications in computer vision, urban
planning and design, as well as ecological studies, enabling fast, comprehensive, and
in-depth analysis of the urban environment, which further assists decision-making
in fields such as smart city development, urban policy formulation, and natural
resource management. Additionally, integrating these data with external information
and domain-specific expertise supports advanced socio-ecological analyses, allowing
for more precise modeling of complex urban systems. These capabilities ultimately
contribute to the development of sustainable cities and the improvement of urban
living conditions.





3
LOCAL BOUNDARY-GUIDED

SEMANTIC SEGMENTATION

This chapter addresses 3D semantic segmentation from a local perspective. While deep
learning has achieved remarkable success in segmenting and interpreting urban scenes
from point clouds, most learning-based methods, particularly point CNN methods,
still severely suffer from inconsistencies in segmentation near local object boundaries.
To cope with this limitation, this chapter proposes a novel boundary-guided feature
propagation approach that employs a multitask learning strategy to explicitly guide
the boundaries to their original locations. With one shared encoder, our network
simultaneously performs boundary localization, directional prediction towards object
interiors, and semantic segmentation. Then, we integrate the predicted boundaries
and directions to propagate the learned features, enhancing segmentation accuracy.
Unlike previous studies that rely on post-processing or implicit feature encoding, our
method offers an explicit, end-to-end, and single-stage solution. We have conducted
extensive experiments on the indoor S3DIS and outdoor SensatUrban datasets against
various baseline methods, demonstrating that the proposed method yields consistent
improvements by reducing boundary errors.

This chapter is based on the paper: Shenglan Du, Nail Ibrahimli, Jantien Stoter, Julian F.P. Kooij,
Liangliang Nan. Push-the-boundary: Boundary-aware feature propagation for semantic segmentation
of 3d point clouds. 2022 IEEE international conference on 3D vision (3DV). IEEE, 2022. DOI:
10.1109/3dv57658.2022.00025.
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3.1. INTRODUCTION

3D semantic segmentation of point clouds is a fundamental yet challenging task that
aims to assign a semantic category (e.g., building, tree, window) to each point in the
scene. Accurate semantic interpretation of 3D point clouds is essential for numerous
applications across urban planning, ecological monitoring, environmental analysis,
computer vision, and robotics.

Driven by the widespread success of deep learning networks, specifically CNNs,
in 2D image recognition, extensive research has been conducted on 3D semantic
segmentation of point clouds. As introduced in Section 2.2, early studies focused on
transforming points into regular grids or voxels as input to standard CNNs (H. Guo
et al., 2016; Maturana & Scherer, 2015; Riegler et al., 2017; H. Su et al., 2015;
Z. Wu et al., 2015; Z. Yang & Wang, 2019). However, these methods introduce
extra computational costs and information loss, which often lead to suboptimal
segmentation performance. To avoid that, the seminal PointNet (Qi, Su, et al., 2017)
directly consumes point clouds and extracts point features through a sequence of
shared MLP layers. Following PointNet, many point-based deep learning frameworks
have been introduced (Q. Hu et al., 2020; Y. Li et al., 2018; Thomas et al., 2019;
S. Wang et al., 2018).

Despite their strong performances in 3D semantic segmentation, most point-wise
feature learning networks suffer from an often-overlooked limitation in feature
propagation: the loss of local information in decoding. Specifically, since most
networks adopt CNN-like architectures with the encoding-decoding strategy, the
existence of pooling layers in the encoder can capture hierarchical semantic features
with increased receptive fields. While this facilitates object-level recognition, it
also produces coarse feature representations at lower resolutions. During decoding,
these coarse features are then propagated back to the original resolution using
nearest-neighbor upsampling, which ignores point-level variations among different
semantic categories. As a result, networks lose object boundary details and fail to
generate accurate predictions.

A number of studies have made fruitful attempts to refine semantic segmentation
at local levels. One attempt is to model contextual affinity using graphical models
such as Markov Random Fields (MRFs) and Conditional Random Fields (CRFs) (L.-C.
Chen et al., 2017; Zheng et al., 2015). However, MRFs and CRFs are inserted
as additional modules, which are difficult to integrate into end-to-end network
training. Considering that boundaries naturally indicate the transition between
objects of different semantic categories, another line of research leverages boundary
information to enhance segmentation (Ding et al., 2019; Gong et al., 2021; Hayder
et al., 2017; Z. Hu et al., 2020; Zhen et al., 2020). Most of these methods introduce
boundary detection as an auxiliary task for semantic segmentation. With one shared
encoder, the two tasks implicitly improve each other. However, despite their benefits,
these approaches do not explicitly address semantic segmentation. Meanwhile, they
require extra encoding layers to fuse features from the two tasks, which is more
challenging for the network to optimize as more parameters are involved.
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(a) Segmentation results of baseline (b) Segmentation results of ours

Figure 3.1: Comparison between the segmentation results from the baseline
network (Thomas et al., 2019) and ours on both indoor (top) and outdoor
(bottom) scenes.

Contrary to existing works, our motivation is to refine semantic segmentation by
explicitly pushing the boundary towards desired directions. Predicting a direction
scheme to refine semantic segmentation has been recently studied in 2D image
analysis (Mazzini & Schettini, 2019; Yuan et al., 2020). Nevertheless, in these studies,
directions solely serve as post-processing tools to adjust predicted semantic labels.
To better exploit boundary and directional priors for network feature learning, we
propose a novel end-to-end framework that integrates boundary detection, direction
prediction, and semantic segmentation. As illustrated in Figure 3.1, standard
point-based CNNs tend to lose boundary details at the object level, whereas our
approach effectively preserves local details and refines segmentation along object
boundaries. The proposed network consists of a single feature encoder and jointly
produces three streams of point-wise predictions: (i) a boundary label that gives
a binary prediction indicating whether a point belongs to an object boundary, (ii)
a direction vector originating from the nearest boundary and pointing toward the
object’s interior, and (iii) a semantic class label. We demonstrate that even though
the network is primarily optimized for semantic segmentation, it inherently learns
discriminative features that also benefit boundary detection and direction prediction,
leading to more accurate and consistent segmentation performance.

The key to our approach is a lightweight guiding mechanism that effectively fuses
the boundary and direction priors to refine the segmentation. The main insight
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behind this strategy is to mitigate the loss of local information in network decoding
by leveraging predicted directional cues (i.e., pointing from boundary to interior)
to guide feature propagation. By doing so, our method prevents feature mixing
between different semantic categories and ensures that segmentation boundaries are
explicitly refined along the desired directions.

Our contributions can be summarized in two-fold:

• We propose a novel end-to-end network for joint semantic segmentation,
boundary detection, and direction prediction to enhance the interpretation
of 3D urban point clouds. The tasks of boundary detection and direction
prediction can appropriately improve segmentation output.

• We introduce a new boundary-aware feature upsampling strategy that
directs feature propagation along predicted boundary-aware directions. This
mechanism can be seamlessly incorporated into existing segmentation
frameworks, providing a generalizable enhancement for 3D semantic
segmentation tasks.

3.2. RELATED WORK

As discussed in Chapter 2, the rapid emergence and development of deep learning
have drastically revolutionized 3D semantic segmentation of point clouds. Specifically,
a large volume of point-based deep learning networks has been introduced to learn
high-level semantics directly from raw point cloud data (Section 2.2). Nevertheless,
many of these networks exhibit segmentation noises and inconsistencies near local
object boundaries. Therefore, in this section, we review the methods specifically
designed to enhance local segmentation accuracy and boundary refinement.

3.2.1. GRAPH-BASED SEGMENTATION

Graph-based approaches utilize the inherent structure of graphs to represent and
analyze contextual relationships among individual data points, effectively modeling
local geometric properties. By embedding node features and propagating contextual
information through the graph’s topological connections, these approaches iteratively
refine object predictions and encourage locally consistent segmentation outputs (D.
Xu et al., 2017).

Simonovsky and Komodakis (2017) introduced Edge-Conditioned Convolution that
generalizes the convolution operator from regular grids to arbitrary graphs, allowing
it to handle graphs of varying size and connectivity. Following that, Landrieu and
Simonovsky (2018) proposed SuperPoint Graph (SPG), which constructs a graph
on over-segmented point sets to capture contextual relationships between object
components. L. Jiang et al. (2019) designed a point-edge interaction network
that hierarchically integrates point features into edge features to achieve locally
consistent segmentation. Besides, graphical models such as MRFs and CRFs have
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been incorporated into deep networks to refine segmentation results (L.-C. Chen
et al., 2017; Zheng et al., 2015). Based on the fact that spatially adjacent pixels
or points presenting similar features are likely to share the same semantic labels,
MRF- and CRF-based methods formulate segmentation as a probabilistic inference
problem, leading to smoother and more consistent segmentation, particularly near
object boundaries. However, integrating additional MRF and CRF modules adds
extra computational costs to the network optimization process.

3.2.2. BOUNDARY-AWARE REFINEMENT

Standard CNN-based networks for semantic segmentation are limited in their ability
to model point-level accurate object boundaries, mainly due to the significant loss
of local-level features in the feature encoding and decoding layers. Besides using
graphical models to softly encourage local segmentation consistency, many research
studies have been proposed to directly refine and sharpen the object boundaries.

In 2D image processing, Boundary Neural Field (Bertasius et al., 2016) formulates
a global energy model to enhance semantic segment coherence with predicted
boundary cues. Other works combine the semantic segmentation task and the
boundary detection task into a unified network (Ding et al., 2019; Hayder et al.,
2017; Y. Liu et al., 2017; J. Su et al., 2019; Takikawa et al., 2019; Z. Yu et al., 2017).
In these networks, the two tasks share a common feature encoder and are expected
to mutually improve each other. In the 3D domain, boundary-aware strategies have
also been explored. JSENet (Zhen et al., 2020) incorporates boundary detection into
3D point cloud semantic segmentation. However, this approach relies on additional
feature enhancement modules and requires a curriculum learning strategy for
optimal segmentation performance. Several studies (Gong et al., 2021; M. Xu, Zhou,
et al., 2021) address 3D boundary detection through adaptive methods or preprocess
modules. To better delineate object boundaries, Tang et al. (2022) introduced a local
contrastive loss to contrast the features across the scene boundaries.

Unlike previous studies, our work focuses on the propagation of interior
information during network decoding. We show that the guided feature propagation
naturally recovers information near boundaries, without the need for external
constraints or additional training modules. Meanwhile, our method does not treat
boundaries as intermediate outputs. It jointly learns boundary cues for guiding the
feature propagation, which can be seamlessly integrated into existing networks.

3.3. METHOD

Our network consists of one feature encoder followed by three task streams:

• Boundary detection. For each point, we predict a binary label to indicate
whether the point lies on the object boundary;

• Direction prediction. For each point, we predict a direction vector from its
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Figure 3.2: Network architecture overview. Our method can adopt various feature
encoders, such as KP-Conv (Thomas et al., 2019) and PointNet++ (Qi, Yi,
et al., 2017). GT is the Ground Truth. LB , LD , and LS are the network
losses for the boundary, direction, and segmentation streams, respectively.
In the guided feature propagation, a positive connection means the vector
of the point pair has a positive cosine angle with the predicted direction,
while a negative connection means a negative cosine angle.

closest boundary to the interior of the object;

• Semantic segmentation. We give a semantic category prediction per point.

The boundary and directional predictions are then integrated to guide feature
propagation in a boundary-aware manner. Figure 3.2 gives an overview of our
framework. In the following sections, we provide a detailed explanation of each part.

3.3.1. NETWORK ARCHITECTURE

We primarily use KP-Conv (Thomas et al., 2019) as our backbone network.
It represents the state-of-the-art in point-based CNN networks, extending the
convolutional operator from 2D to 3D by defining convolutional kernels as evenly
distributed 3D points within a local spherical space. However, due to its
encoding-decoding strategy that leads to information loss at finer levels, KP-Conv
experiences significant errors near local boundaries (Figure 3.1a). To further verify the
capacity to extend our approach to other point learning networks, we also conduct
segmentation experiments using PointNet++ (Qi, Yi, et al., 2017) in Section 3.4.4.
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BOUNDARY DETECTION STREAM

Given an input point cloud P ∈ RN×F , where N is the number of points and F is the
input feature dimension, we use the boundary detection stream to predict a binary
map B ∈ RN×2. In this map, a value of 1 indicates that a point lies on a boundary,
while 0 corresponds to points located within the object’s interior. It is important to
note that we focus on semantic boundaries, which refer to the boundaries between
different semantic categories. Since boundary points only account for a small
portion of the entire point set, we employ a weighted binary cross-entropy loss to
supervise this task.

DIRECTION PREDICTION STREAM

The use of direction prediction schemes to refine semantic segmentation has
been recently studied (Mazzini & Schettini, 2019; Yuan et al., 2020) in 2D image
processing. Specifically, Yuan et al. (2020) jointly localizes the boundary pixel and
predicts the direction from boundary pixels to their corresponding interior pixels.
Motivated by the empirical observation that label predictions of interior pixels are
generally more reliable, this method replaces the initially unreliable boundary pixel
predictions with those of the associated interior pixels. However, it requires separate
learning for direction vectors, which are then used as a post-processing step to refine
segmentation outputs.

In this study, we extend the direction prediction scheme to 3D semantic
segmentation and integrate it into an end-to-end learning framework. We use the
direction stream to predict a direction map D ∈ RN×3, with each row (dx ,dy ,dz )
representing a unit direction vector pointing from the nearest boundary toward
the object’s interior. By designing D in this manner, each point is assigned a
direction that guides it toward the homogeneous interior region. The predicted
directions serve as an effective indicator for network message passing, which, when
combined with boundary predictions, facilitates feature propagation in the semantic
segmentation stream.

SEMANTIC SEGMENTATION STREAM

For the point cloud P ∈ RN×F , the semantic segmentation stream outputs a semantic
mask S ∈ RN×K , where K is the total number of semantic categories. This stream
predicts a probability distribution over the K categories for each point, enabling
per-point semantic classification.

3.3.2. BOUNDARY-GUIDED FEATURE PROPAGATION

Point-wise learning networks, particularly point CNN networks, employ pooling
layers to progressively sub-sample points, capturing high-level semantic features in
the latent space. During the subsequent decoding stage, features are propagated from
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(a) Drastic semantic transitions happen across the object boundaries.
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(b) Two ways of feature propagation.

Figure 3.3: Feature propagation near object boundaries. We propagate features from
neighboring points xj in the higher layer to the central point xi in the
lower layer. Standard feature propagation ignores object boundaries,
represented as red dots, resulting in the mixed feature representation of
xi. In contrast, our proposed strategy uses the predicted direction vector
di to guide feature propagation. Features from neighboring xj aligned
with di are encouraged to propagate to the central xi (green dashed lines),
while feature propagation from the opposing neighbors is constrained
(grey dashed lines).

sub-sampled points back to the original points. A common propagation strategy is
inverse distance interpolation within a local kNN region. For example, PointNet++ Qi,
Yi, et al., 2017 uses k = 3 for feature propagation, while KP-Conv Thomas et al.,
2019 uses k = 1, thus reducing to the nearest neighbor feature upsampling.
Standard feature propagation assumes that spatially adjacent points exhibit semantic
similarity. However, it ignores drastic semantic transitions across object boundaries.
Figure 3.3a visualizes an example where a semantic shift occurs from a wall to
a bookshelf at boundary points. Due to such semantic transitions, points at
the boundary may aggregate features from different objects, leading to ambiguous
feature representations that can degrade the accuracy of the final segmentation.

As shown in Figure 3.3b, to mitigate the issue of blurred feature representations
near object boundaries, we incorporate predicted boundary information and
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directional cues to guide feature propagation within the network’s decoding layers.
The core of our approach lies in encouraging features to propagate along the desired
direction for generating more purified and spatially coherent feature maps.

(𝑁
,𝐹
)

Encoding layers

(𝑁
1
,1
2
8
)

(𝑁
2
,2
5
6
)

(𝑁
3
,5
1
2
)

(𝑁
4
,1
0
2
4
)

(𝑁
5
,2
0
4
8
)

Conv1 Conv2 Conv3 Conv4 Conv5

(𝑁
4
,1
0
2
4
)

Up4

(𝑁
3
,5
1
2
)

(𝑁
2
,2
5
6
)

(𝑁
1
,1
2
8
)

(𝑁
,𝐾
)Up3 Up2 Up1 FC

Decoding layers

Figure 3.4: Network architecture details, adopting KP-Conv as the backbone. Only
the segmentation stream is visualized for clarity. Conv denotes a
convolutional-like operation for feature aggregation. Up denotes feature
upsampling. FC is a fully connected layer. The grey dashed lines denote
the skipped links. N is the number of points, F the dimension of the
input feature, K the number of output categories, and Ni the number of
points in each layer, with the initial layer satisfying N1 = N .

During network decoding, features are upsampled from sparser points in deeper
layers to denser points in shallower layers (Figure 3.4). Specifically, features from
points xj in l th layer are propagated to points xi in l −1th layer. This feature
propagation is conducted under

f l−1(xi) =σ(Φ(

∑k
j=1 w(xj) f l (xj)∑k

j=1 w(xj)
)⊕ f l−1

ski p (xi)), (3.1)

where x ∈ R3 denotes a 3D point and k is the total number of neighboring points.
The decoder features f l (xj) at l th layer corresponding to neighboring points xj

are first interpolated based on associated weights w , and then concatenated with
skip-linked encoder features, which are then processed through an MLP layer and a
Rectified Linear Unit (ReLU) activation function to obtain the new features f l−1(xi)
for points xi. Here, fski p is the skip-linked features, Φ(·) denotes an MLP operator,
and σ(·) is the ReLU activation function.

Taking into account the predicted boundaries and directions, we compute an
adaptive weight term w to guide feature propagation, i.e.,

w(xj) =max(0, ws (xj,xi)+αwc (xj,xi)), (3.2)

ws (xj,xi) = exp
−||xj −xi||2

r
,

wc (xj,xi) = exp(Pb(xi)−1)cos(xj −xi,di),
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where we linearly combine the spatial similarity ws and cosine similarity wc between
xj and xi. The spatial similarity weight ws is determined by the Gaussian distance
between the given pair of points, whereas the cosine similarity weight wc quantifies
the angular deviation between the spatial displacement vector and the predicted
directions. Pb(xi) represents the predicted boundary probability of point xi, di is its
predicted direction, and cos(·) computes the cosine similarity between two vectors.
max(·) ensures non-negative weights by eliminating negative values. The constant
coefficients r and α are used to balance the two similarity terms.

To maintain the consistency of feature propagation, the computed weights are
further normalized using L1 normalization, i.e.,

w(xj) =
w(xj)∑k

j=1 w(xj)
. (3.3)

Our propagation strategy brings several benefits to semantic segmentation.
First, for points near object boundaries predicted with high predicted boundary
probabilities (e.g., Pb ≈ 1), we assign greater importance to the neighboring points
that align with the predicted direction, while we suppress the influence of oppositely
oriented neighbors. This mechanism naturally encourages features to propagate
along the desired direction, enhancing boundary preservation. Conversely, for
interior points with low boundary probability predictions (e.g., Pb ≈ 0), the cosine
similarity term wc is significantly reduced. Feature propagation is primarily governed
by spatial similarity, where all neighboring points contribute based on their distances
to the centroid. As a result, we facilitate consistent segmentation within object
interiors. Furthermore, the proposed weight term is formulated as a continuous
function of the boundary prediction map B and the direction prediction map D ,
which guarantees smooth gradient backpropagation of the network.

In Section 3.4.6, we present ablation studies to validate the effectiveness of the
proposed boundary-guided feature propagation mechanism.

3.3.3. NETWORK SUPERVISION

Our network is designed to perform three tasks, as introduced in Section 3.3.1, with
each task stream supervised by a distinct loss term. In this section, we provide a
detailed formulation of the loss terms corresponding to their respective tasks.

Boundary detection loss. Boundary detection is a binary classification task. Given
the sparsity of boundary points in the dataset, we employ the weighted binary
cross-entropy loss to mitigate class imbalance using

LB =−
N∑

i=1
[βb̂i logbi + (1−β)(1− b̂i ) log(1−bi )], (3.4)

where b̂i represents the Ground Truth (GT) binary label, with b̂i = 1 for boundary
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points and b̂i = 0 for interior points. bi is the network softmax output of the i th

point. We use a coefficient β to balance the boundary class and the object’s interior
class.

Direction prediction loss. In the previous study of 2D image segmentation (Yuan
et al., 2020), discrete directions are predicted by partitioning the full angular space
into a predefined set of directional bins. Thus, it restricts the prediction to a limited
set of directions. Unlike that, we formulate direction prediction as a regression task,
enabling the model to predict continuous directional embeddings across the entire
3D space. Our predictions are more adaptable for complex 3D scenes. To supervise
this stream, we adopt Mean Squared Error (MSE) loss, which is defined as follows:

LD =
N∑

i=1
∥di − d̂i∥2

2, (3.5)

where di ∈ R3 is the predicted direction, and d̂i ∈ R3 is the GT direction. Both
directions have a unit magnitude. We also evaluated an alternative loss formulation
based on the dot product of di and d̂i. However, experimental results suggested that
the MSE loss gives robust direction predictions that are less variant across dataset
scales.

Semantic segmentation loss. We use the standard cross-entropy loss to supervise
the semantic segmentation stream, which is widely used for multi-class classification
tasks, i.e.,

LS =−
N∑

i=1
y s

i log p s (xi), (3.6)

where y s
i ∈ RK denotes the one-hot vector of the GT semantic label s of the i th point.

p s (xi) is the predicted probability of the i th point for the GT category obtained from
the network softmax layer.

Consequently, the total network loss is given by

L = LS +λ1LB +λ2LD , (3.7)

where we use λ1 and λ2 to balance between different losses.

3.4. EXPERIMENTS

3.4.1. DATASETS

We assess the effectiveness of our approach for the semantic segmentation of 3D
point clouds across both indoor and outdoor urban scene datasets.
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For indoor scenes, we use the challenging Stanford Large-Scale 3D Indoor Spaces
(S3DIS) dataset, a large-scale point cloud dataset representing indoor areas of six
buildings with diverse architectural styles (Armeni et al., 2016). S3DIS covers 6020
square meters and includes a variety of spaces such as personal offices, conference
rooms, exhibition areas, and hallways. Each point contains the xyz coordinates and
color information. The dataset is labeled into 13 semantic classes: ceiling, floor,
window, wall, beam, column, door, table, sofa, chair, bookcase, board, and clutter. In
accordance with prior research Landrieu and Simonovsky, 2018; Qi, Su, et al., 2017;
Thomas et al., 2019; H. Zhao et al., 2021, we use Area 5 for testing and the rest areas
for training.

For outdoor scenes, we evaluate using the SensatUrban dataset (Q. Hu et al.,
2021), a recent, large-scale UAV photogrammetry point cloud dataset spanning over
7.6 km2. It consists of nearly three billion points collected from three cities in
the UK. Each point is annotated with detailed semantic labels, including ground,
vegetation, building, wall, bridge, parking, rail, traffic road, street furniture, footpath,
car, bike, and water. Following the SensatUrban recommended data split, we use
blocks 1 and 5 from Birmingham and blocks 7 and 10 from Cambridge for validation.
Blocks 2 and 8 from Birmingham, and blocks 15, 16, 22, and 27 from Cambridge are
used for testing. The remaining tiles are utilized for training.

Both GT boundary maps and direction maps are directly derived from the raw
dataset. To generate GT boundary maps, we use kNN search for each point in the
dataset. We empirically set k = 4 to ensure sharp object boundaries. A point is
recognized as a boundary point if its semantic label differs from any neighboring
labels. To generate GT direction maps, we identify the nearest boundary point for
each point, and the direction is assigned as the vector pointing from the closest
boundary point to the current point. The GT direction vectors are normalized with a
magnitude of one and are then used for training.

3.4.2. IMPLEMENTATION DETAILS

We choose two state-of-the-art network architectures as our backbone: Point-
Net++ (Qi, Yi, et al., 2017) and KP-Conv (Thomas et al., 2019). Pointnet++ recursively
applies point-wise MLP operators over a nested partitioning of the point clouds to
extract hierarchical point features. In contrast, KP-Conv leverages point convolution
within 3D Euclidean space. Both baseline networks employ a CNN-like architecture
with the encoding-decoding strategy.

Built upon the baseline networks for point feature learning, we implement our
method using Pytorch (Paszke et al., 2019). Regarding the hyperparameters, we set
α= 1.0 and r = 0.125 for guided feature propagation as specified in Equation 3.2.
For supervising the boundary stream in Equation 3.4, we set β = 0.6. The loss
weight coefficients in Equation 3.7 are set to λ1 = 3.0 and λ2 = 0.3. To ensure a
fair comparison, we maintain the same training settings as the baseline networks,
such as the momentum for gradient descent optimization, base learning rate, and
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learning rate schedule. Besides, we adopt unweighted cross-entropy loss for all the
segmentation experiments.

Regarding data preprocessing, both the S3DIS and SensatUrban datasets consist of
large 3D scenes that are too big for the baselines to process directly. For handling
such data, PointNet++ randomly samples a fixed number of points (i.e., 4096) from
each scene for network training. KP-Conv first applies grid sampling to reduce the
number of input points. Then, it randomly samples 3D spheres within the scene
to generate input batches for network training. During inference, 3D spheres are
sampled regularly with a potential term to ensure that points can be visited by the
network multiple times from different sphere locations. Finally, semantic predictions
on grid-sampled clouds are mapped back to the original clouds. We follow the
same data sampling strategies as the baseline networks for consistency. Our network
training and data preprocessing details are illustrated in Table 3.1.

Settings
PointNet++ KP-Conv

S3DIS S3DIS SensatUrban

Data

sampling strategy random grid + sphere

points per scene 4096 - -

grid size - 5cm 20cm

sphere radius - 1.5m 9.0m

Training

base learning rate 0.001 0.01 0.01

scheduler 70% per 10 epochs 98% per 1 epoch

momentum - 0.98 0.98

batch size 16 6 6

steps per epoch 2973 300 600

epochs 32 500 550

Table 3.1: Details of data preprocessing and network training.

3.4.3. EVALUATION METRICS

To quantitatively evaluate the performance of 3D semantic segmentation, we use
the three standard metrics: overall accuracy, mean intersection over union, and
per-category intersection over union scores (Lateef & Ruichek, 2019). Let K be the
number of semantic categories, ni j be the number of points that belong to class i
that are classified into class j , and Ni =∑C

j=1 ni j be the total number of points of
class i , the three metrics are defined as following:

Overall Accuracy (OA). It measures the per-point accuracy of semantic labeling,
which is simple to calculate and easy to use. However, a major limitation is that it
ignores the class imbalance issue commonly present in large urban scenes.
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O A =
∑K

i=1 ni i∑K
i=1 Ni

(3.8)

Intersection over Union (IoU). It focuses on the amount of overlap between GT
labels and semantic predictions. By calculating the ratio of the intersection size to
the union size, IoU estimates how well the model distinguishes a particular class
from the others.

I oUi = ni i

Ni −ni i +∑K
j=1 n j i

(3.9)

mean Intersection over Union (mIoU). It calculates the average IoU scores across
all classes. Compared to OA, mIoU provides a more informative evaluation and is
less affected by class imbalance.

mI oU = 1

K

K∑
i=1

I oUi (3.10)

3.4.4. RESULTS OF INDOOR SCENES

We evaluate our method on the indoor dataset S3DIS (Armeni et al., 2016) using the
two networks, PointNet++ (Qi, Yi, et al., 2017; X. Yan, 2019) and KP-Conv (Thomas
et al., 2019), as our backbones. In Table 3.2, we report the performance comparison
between these two baselines and our corresponding networks. These methods are
either trained using only 3D coordinates and color information (w/o N), or using
3D coordinates, color information, and normals (w/ N). We consider incorporating
normals in training, as they aid in distinguishing between boundary and object
interior points. Notably, for the PointNet++ backbone, we report averaged scores over
five training runs to account for performance variations during network training.

Compared to the baselines, our boundary-aware feature propagation mechanism
consistently improves both OA and mIoU scores. When trained using only 3D
coordinates and color information, our method achieves mIoU gains of 0.3% and
1.7% with the PointNet++ and KP-Conv backbones, respectively. When incorporating
3D coordinates, color information, and normals for training, our method yields
mIoU gains of 1.2% and 1.6% with PointNet++ and KP-Conv, respectively. In
particular, we observe significant improvements in categories such as column,
window, door, and board. For these categories, the baseline methods often
encounter boundary segmentation errors, whereas our approach achieves more
precise boundary delineation. However, in certain scenarios, our method may also
propagate segmentation errors to a larger extent. This leads to a decrease in mIoU
scores for specific categories, such as board. Despite this, the overall quantitative
results indicate that our approach generally enhances semantic segmentation
performance across most categories.
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In Table 3.3, we present quantitative comparisons with other state-of-the-art
methods on the S3DIS benchmark. While our approach does not surpass the
performance of Point Transformer (H. Zhao et al., 2021), it provides valuable insights
into feature propagation mechanisms within the decoding process to enhance
commonly used networks. Experimental results have shown the effectiveness of our
proposed feature propagation strategy.

Method OA(%) mIoU(%)

PointNet (Qi, Su, et al., 2017) - 41.1

TangentConv (Tatarchenko et al., 2018) 82.5 52.8

SPGraph (Landrieu & Simonovsky, 2018) 86.4 58.0

BGENet (Gong et al., 2021) - 61.4

RandLA-Net (Q. Hu et al., 2020) 87.2 62.4

IAFNet (M. Xu, Zhou, et al., 2021) 88.4 64.6

JSENet (Z. Hu et al., 2020) - 67.7

Point Transformer (H. Zhao et al., 2021) 90.8 70.4

PointNet++ (Qi, Yi, et al., 2017) (w/o N) 83.5 53.6

+ ours 83.6↑ 53.9↑
PointNet++ (Qi, Yi, et al., 2017) (w/ N) 83.9 53.9

+ ours 84.3↑ 55.1↑
KP-Conv rigid (Thomas et al., 2019) (w/o N) - 65.4

+ ours 89.7 67.1↑
KP-Conv rigid (Thomas et al., 2019) (w/o N) 89.2 65.6

+ ours 89.6↑ 67.2↑

Table 3.3: Semantic segmentation performance comparison with other state-of-
the-art works on the S3DIS dataset, accessed in September 2022.
BGENet, IAFNet, and JSENet also consider local boundary refinement
in their approach design. Our approach brings consistent performance
improvements to baseline networks, as indicated by the up arrow ↑.

Figure 3.5 and Figure 3.6 present the segmentation results on the indoor dataset
S3DIS, adopting KP-Conv and PointNet++ as the backbone, correspondingly. We use
the identical color schemes to render the scenes in both figures: for ceiling, for
floor, for wall, for beam, for column, for window, for door, for table,

for chair, for sofa, for bookcase, for board, and for clutter.

Both qualitative comparisons demonstrate that our method consistently enhances
semantic segmentation across different baseline architectures. In particular, the joint
learning framework and the boundary-guided feature propagation strategy effectively
mitigate segmentation errors near object boundaries for various categories, such
as window, column, and board. Besides, our method also improves segmentation
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Input points GT labels Boundary maps Baseline results Our results

Figure 3.5: Qualitative results on the S3DIS dataset (Armeni et al., 2016), using
KP-Conv (Thomas et al., 2019) as the backbone. The network is trained
using 3D coordinates, colors, and normals. In the third column, the
predicted boundary points are rendered in red.

Input points GT labels Boundary maps Baseline results Our results

Figure 3.6: Qualitative results on the S3DIS dataset (Armeni et al., 2016), using
PointNet++ (Qi, Yi, et al., 2017) as the backbone. The network is trained
using 3D coordinates, colors, and normals. In the third column, the
boundary probability maps are visualized: blue for low and red for high.



3

42 3. LOCAL BOUNDARY-GUIDED SEMANTIC SEGMENTATION

smoothness in local regions, especially within object interiors (Figure 3.6 row 2).
Notably, even though the predicted boundaries may not perfectly align with the
GT, they still provide informative guidance for feature propagation in the decoding
layers, facilitating locally consistent segmentation near object boundaries.

3.4.5. RESULTS OF OUTDOOR SCENES

In addition to indoor scenes, we evaluated the performance of our method on the
outdoor SensatUrban dataset (Q. Hu et al., 2021), employing KP-Conv (Thomas et al.,
2019) as the backbone network. Table 3.4 presents the performance of our approach
in comparison with KP-Conv and other state-of-the-art methods.

Our method has achieved an OA of 93.9% and an mIoU of 59.7%, surpassing all
major competing approaches on this benchmark as of September 2022. The results
demonstrate the capability of our approach in generalizing to large-scale outdoor
urban scenes. Compared to the state-of-the-art baseline KP-Conv Thomas et al.,
2019, our boundary-guided feature propagation strategy improves OA by 0.6% and
mIoU by a margin of 2.1%. In terms of per-category performance, improvements in
most categories can also be observed, particularly in those categories characterized
by distinct geometric boundaries, such as bridges, traffic roads, and footpaths. Our
method achieves IoU gains of 21.0%, 6.1%, and 1.6% for bridges, traffic roads, and
footpaths, respectively. However, due to the class imbalance in the SensatUrban
dataset, minority categories such as rail and bike remain challenging to recognize
for most methods listed in the table, including our approach. Besides, compared to
the baseline, our method exhibits a performance decline of 20.8% IoU in the water
category. This decline can be attributed to the irregular geometric boundaries of
water in urban environments, which introduce noise in both boundary detection
and direction prediction, ultimately yielding less accurate segmentation.

Figure 3.7 presents the segmentation results on the SensatUrban dataset. GT labels
are not included, as the true labels for the test set are not publicly available. Despite
the absence of GT visualization, comparisons with baseline results still indicate that
our method achieves superior segmentation performance. Specifically, our approach
improves the localization of object boundaries for minor categories, such as parking
and footpaths. Meanwhile, our method enhances local segmentation consistency by
reducing segmentation noise within object interiors.

3.4.6. ABLATION STUDIES

In this section, we present ablation studies to support the contributions of our
methodology design. First, we assess the effectiveness of each individual module
by systematically removing it from the network and evaluating the impact on
segmentation performance. Next, as our key contribution lies in the design of
guided feature propagation for local boundary refinement, we further investigate the
effectiveness of this propagation mechanism applied across various decoding layers.
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Input point clouds Baseline results Our results

Figure 3.7: Qualitative results on the SensatUrban dataset (Q. Hu et al., 2021),
using KP-Conv (Thomas et al., 2019) as the backbone. The network is
trained using 3D coordinates and colors. We do not visualize the GT
segmentation as the GT labels for the test set are not accessible. We
use the following colors to render distinct urban objects: ground,
vegetation, building, wall, bridge, parking, rail, traffic road,

street furniture, car, footpath, bike, and water.
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The S3DIS dataset is used for ablation experiments, as it provides access
to GT semantic labels for all points. We conduct our ablation studies using
KP-Conv (Thomas et al., 2019) as the backbone network. Following previous
works (Landrieu & Simonovsky, 2018; Qi, Su, et al., 2017; Thomas et al., 2019;
H. Zhao et al., 2021), we use Area 5 for testing and the remaining areas for training.
All experiments are conducted under the same hyperparameter settings, as detailed
in Table 3.1.

NETWORK COMPONENT

Our method leverages a multi-task learning framework in conjunction with guided
feature propagation to improve 3D semantic segmentation, particularly in local
boundary regions. To evaluate the contribution of each network component, we
conduct ablation studies by systematically removing individual components and
assessing their impact on performance. The results of these experiments are
summarized in Table 3.5.

Method OA(%) mIoU(%)

(1) Baseline network 89.2 65.6

(2) Baseline + Boundary Stream 89.3 66.6

(3) Baseline + Direction Stream 89.1 66.2

(4) Full network with SFP 89.4 66.3

(5) Full network with GFP 89.6 67.2

Table 3.5: mIoU scores of the ablated networks from (1) to (5). SFP denotes standard
feature propagation, and GFP denotes guided feature propagation. All
networks are trained using 3D coordinates, color information, and normals.

From Table 3.5, we observe that incorporating the boundary stream into the
baseline network improves the mIoU by 1.0% and OA by 0.1%. Adding the direction
stream results in a 0.8% increase in mIoU, leading to a slight reduction of 0.1%
in OA. When both streams are incorporated with standard feature propagation, the
network achieves a 0.2% gain in OA and a 0.7% gain in mIoU compared to the
baseline. Notably, combining both the boundary and direction streams leads to a
0.3% reduction in mIoU compared to using only the boundary stream. Nevertheless,
the direction stream still provides valuable information for subsequent segmentation
refinement. Last, employing the proposed boundary-aware feature propagation
mechanism, we observe an additional performance boost, with OA increasing by
0.4% and mIoU improving by 1.6%. These findings reveal that the proposed method
effectively enhances feature inheritance, leading to more purified and discriminative
feature representations.
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GUIDED FEATURE PROPAGATION

As guided feature propagation plays a key role in our methodology design, we
further analyze the effectiveness of the proposed feature propagation mechanism
when applied to different decoding layers.

In network decoding, feature maps undergo four upsampling stages, sequentially
progressing from the fifth layer to the fourth, from the fourth to the third, from the
third to the second, and so forth (as illustrated in Figure 3.4). To assess the impact
on network performance, we replace Standard Feature Propagation (SFP) with the
proposed Guided Feature Propagation (GFP) at each upsampling stage.

We propagate features of neighboring points xj in the l th layer to points xi in the
l −1th layer. For GFP, the feature propagation process is governed by the weighting
functions introduced in Section 3.3.2, as defined by Equation 3.2. For SFP, we adopt
the inverse distance weighting strategy following PointNet++ (Qi, Yi, et al., 2017) and
KP-Conv (Thomas et al., 2019), which operates within a local neighborhood and is
formulated as follows:

w(xj) = 1

||xj −xi||2 +ϵ
, (3.11)

where ϵ represents a small threshold that prevents the denominator from being zero.

For SFP, we use a fixed radius to search for the local neighbors since it is more
robust to varying point densities compared to kNN. The base radius in the first layer
is set to 6.25cm and doubles at each subsequent layer. For GFP, as the predicted
directions and boundaries naturally help to mitigate the influence of outliers, we still
use kNN. We empirically set k = 8.

GFP layers SFP layers OA(%) mIoU(%)

- up1, up2, up3, up4 89.4 66.3

up1 up2, up3, up4 89.6 67.2

up1, up2 up3, up4 89.7 66.9

up1, up2, up3 up4 89.6 66.6

up1, up2, up3, up4 - 89.4 66.0

Table 3.6: OA and mIoU scores of the ablated networks adopting GFP in various
decoding layers. SFP: standard feature propagation. GFP: our guided
feature propagation. The experiments are conducted on the S3DIS
dataset (Armeni et al., 2016) using KP-Conv (Thomas et al., 2019) as the
backbone, trained using 3D coordinates, color information, and normals.

Table 3.6 presents the segmentation performance when applying GFP at different
feature upsampling layers. The highest mIoU score, as previously reported in
Section 3.4.4, is achieved when GFP is used exclusively in the first upsampling
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layer while SFP is applied in the rest layers. When replacing SFP with GFP in
higher layers, we observe a slight drop in the performance. However, replacing
SFP with GFP in higher upsampling layers results in a slight performance decline,
with the lowest performance observed when GFP is applied across all upsampling
stages. We attribute this trend to the design of GFP, which primarily focuses on
recovering local boundary details. Therefore, its effectiveness is most highlighted in
lower-level upsampling layers. Conversely, in higher-level upsampling layers, SFP is
more advantageous since it better preserves global contextual features during feature
propagation.

3.4.7. COMPLEXITY AND CONVERGENCE ANALYSIS

In this section, we compare the convergence and efficiency of our network with the
baseline methods. The corresponding results are reported in Table 3.7.

Our network contains a significantly larger number of parameters than the
baselines, as it employs three distinct decoders to handle the three downstream
tasks. Consequently, it leads to increased computational complexity, resulting in
lower speed in training and inference. Compared to PointNet++, our method
increases training time by 23% and inference time by 15%. Compared to KP-Conv,
we observe an average increase of 55% in training time and 33% in inference time.
However, even with the increased computational complexity, our network exhibits
faster convergence. This is demonstrated in Figure 3.8, where we compare the
segmentation loss and validation curves of our network against the baseline. The
results indicate that our network reaches convergence at approximately 300 epochs,
whereas the baseline requires around 400 epochs to converge, highlighting the
efficiency of our approach in optimizing the learning process.

PointNet++ KP-Conv

S3DIS S3DIS SensatUrban

#Params Baseline 0.97 24.38 24.38

(M) Ours 2.19 32.78 32.78

Training time Baseline 0.52 0.09 0.13

(sec./batch) Ours 0.64 0.14 0.20

Inference time Baseline 0.71 0.05 0.08

(sec./batch) Ours 0.82 0.07 0.10

Table 3.7: Comparison of our running time against the baseline, e.g., PointNet++ (Qi,
Yi, et al., 2017) and KP-Conv (Thomas et al., 2019), on the S3DIS (Armeni
et al., 2016) and SensatUrban (Q. Hu et al., 2021) datasets. The total
number of learnable parameters is an indicator of model complexity. We
use the average running time per batch as the efficiency indicator. All
experiments are conducted with an NVIDIA RTX2080Ti GPU.
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(a) Segmentation losses

Baseline

Ours

(b) Validation curves

Figure 3.8: Comparison of network convergence. The horizontal axes denote the
number of training epochs. The statistics are obtained on the S3DIS
dataset (Armeni et al., 2016) using KP-Conv (Thomas et al., 2018) as the
backbone, trained using 3D coordinates, color information, and normals.

3.4.8. LIMITATIONS

Our proposed method performs boundary prediction, direction prediction, and
semantic segmentation in parallel to enhance the accuracy of local semantic
segmentation. By adopting a boundary-aware guiding mechanism for feature
propagation, our approach generates sharper and more purified feature maps that
effectively reduce segmentation errors in boundary regions. However, despite these
advantages, the method still has certain limitations.

First, the designed feature propagation mechanism is performed within local
neighborhoods. This enhances feature consistency within an object’s interior at a
local scale, while failing to explicitly model long-range dependencies, thus limiting
its ability to guarantee global feature consistency due to the lack of global contextual
relationship reasoning. Second, since our work focuses on guiding features to recover
boundary information in the decoding layers, it naturally cannot cope with potential
information loss in the feature encoding stages. Last, our approach requires extra
preprocessing steps. We need to generate GT boundary maps and direction maps
for training, which increases computational overhead and memory consumption.

3.5. CONCLUSION

In this chapter, we introduce a novel boundary-guided feature propagation
mechanism to improve the semantic segmentation of 3D point clouds, aiming
to push and guide the object boundaries towards the desired locations. Our
network jointly learns boundary maps, direction maps, and point-wise semantic
labels in an end-to-end manner. Extensive studies on the S3DIS and SensatUrban
datasets have demonstrated the effectiveness of our approach. Our experiments and
analysis reveal two key factors contributing to the improvements in segmentation
performance. First, the joint learning of the three tasks mutually enhances the shared
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feature encoder. Second, the predicted boundaries and directions serve as effective
guides, allowing points to inherit features from more homogeneous regions, which
compensates for the loss of local boundary information in the network decoding
layers. Our approach is particularly advantageous for categories with clear geometric
boundaries, such as doors, windows, and street paths.

However, as discussed in Section 3.4.8, the improvements achieved by our method
are still limited. The primary limitation arises from the locally performed feature
propagation, which cannot optimize segmentation results on a global level. Besides,
since the three downstream tasks have different levels of complexity, combining them
into a single network limits the capability of the shared feature encoder to learn
discriminative features for all three tasks. In future work, we would like to explore
the adaptive boundary detection method (M. Xu, Zhou, et al., 2021) to achieve
higher-quality delineation of semantic boundaries. We would also like to extend our
boundary-aware feature propagation mechanism by incorporating global contextual
reasoning techniques to further enhance 3D semantic segmentation performance.





4
GLOBAL PROTOTYPE EXPANSION

FOR SEMANTIC SEGMENTATION

Chapter 3 investigates 3D semantic segmentation from a local perspective. While the
proposed local boundary-guided approach effectively mitigates segmentation errors
near object boundaries, it lacks the capacity for global contextual reasoning in
complex urban scenes. Furthermore, most existing semantic segmentation methods
also rely on local feature aggregators with limited receptive fields, which poses a
bottleneck for their performance. To address these limitations, this chapter presents
a novel computational block, Prototype Expansion, designed to facilitate efficient
global analysis using class prototypes. We explicitly allow individual points to interact
with prototypes generated across batches to achieve globally consistent classification.
The proposed PE module consists of two integral parts: a prototype generator
that constructs a prototype vector for each class in a non-parametric manner, and
an Expansion operator projecting prototypes to point embeddings based on their
feature-wise dependencies. In particular, the Expansion operator is inspired by the
Attention mechanism but achieves more effective feature recalibration with fewer
parameters. Integrating the PE module into four prominent point cloud learning
networks consistently demonstrated performance boosts on both indoor and outdoor
datasets. These experiments demonstrate the general applicability of PE, showing its
effectiveness as a booster for a wide range of semantic segmentation tasks.
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4.1. INTRODUCTION

With the rapid development of LiDAR sensors, the interpretation and modeling
of urban scenes have progressively transitioned from 2D to 3D representations.
Specifically, 3D point clouds with enriched semantics are fundamental for numerous
downstream applications. They provide valuable inputs for analyzing urban layouts
and land cover types, as well as for the accurate reconstruction of 3D urban
structures (J. Huang et al., 2022). Moreover, the integration of segmented point
cloud data with external data sources such as infrastructure maps facilitates
navigation (Anthes et al., 2016) and autonomous driving (Yurtsever et al., 2020).
Nevertheless, as detailed in Chapter 2, point clouds still pose significant challenges
for deep learning due to their sparsity, irregularity, and lack of explicit topological
structure. These characteristics hinder the direct application of traditional deep
neural network architectures, such as CNNs, to 3D semantic segmentation tasks.

The pioneering PointNet (Qi, Su, et al., 2017) and PointNet++ (Qi, Yi, et al., 2017)
made it possible to directly process raw point clouds using deep neural networks.
Since then, many point-wise networks have been proposed, with a specific focus
on the design of local feature aggregators (Q. Hu et al., 2020; H. Lin et al., 2023;
Qian et al., 2022; Thomas et al., 2019). In particular, recent works such as (H. Lin
et al., 2023; Qian et al., 2022) enhance the original PointNet++ by incorporating
model scaling and improved training strategies. On the other hand, transformers,
originating from NLP (Vaswani et al., 2017), have also shown great potential in 3D
vision tasks recently. By adopting the attention mechanism, transformers can model
the relationships of tokens in a set, which makes them particularly well-suited
for point cloud segmentation tasks since points can be viewed as a discrete set
in the 3D space. Inspired by this observation, several studies have investigated
transformer-based architectures to process point clouds (Lai et al., 2022; X. Wu et al.,
2022; C. Zhang et al., 2022; H. Zhao et al., 2021). Among them, Point Transformer
and its successor (X. Wu et al., 2022; H. Zhao et al., 2021) apply local self-attention
within kNN regions, which may constrain the receptive field. To address this
limitation, Stratified Transformer (Lai et al., 2022) expands the receptive field by
incorporating far-distant, stratified key point sampling.

While these methods have achieved remarkable performance on various 3D
semantic segmentation tasks, they suffer from two major drawbacks: First, the
receptive fields are limited since the network operators are often designed to be
local. Performing global operators such as global attention is possible, however can
be costly in terms of GPU and memory resources. Second, the network supervision
using the cross-entropy loss only considers between-class discrepancy and ignores
intra-class compactness. This can potentially lead to feature-wise variations among
individual points within the same class, thus downgrading the performance of
downstream tasks.

To address the above-mentioned problems, this chapter explores semantic
segmentation from the global prototype perspective. Prototypes, dating back
to cognitive models (Rosch, 1973), aim to describe each class using the most
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Ground Truth Result of baseline Result of PE

Input point cloud

PE module

Point embeddings Refined embeddings

…

…

 building

 fence

 road mark

… nature

Figure 4.1: Our PE module allows for point-to-prototype interactions to enhance
the individual point embeddings (top). Without additional supervision
loss terms, PE consistently improves the overall scene segmentation
performance, especially for minor object categories such as road marks
(bottom). The visual comparison was generated on the Toronto3D
dataset (W. Tan et al., 2020).

representative samples, and they thus naturally capture global information.
Furthermore, the proximity of other data samples to the prototypes gives a good
reflection of intra-class compactness. Although prototypes have been investigated in
a few studies (J. Li & Dong, 2023; M. Liu et al., 2022; T. Zhou et al., 2022), they
have only served as additional loss constraints or as a non-parametric scheme for
network inference. Their potential to enhance point cloud feature representation has
not been fully exploited yet.

We introduce a novel network block, namely the Prototype Expansion (PE)
module, which leverages prototypes for efficient global-level point cloud analysis,
as illustrated in Figure 4.1. Prototypes are representative embeddings that describe
the general characteristics of a specific class. We use a single prototype constructed
from training point samples to abstract an object class. Our goal is to enhance
the point feature representation by enabling each point to interact with the class
prototypes. To achieve this, the proposed PE module captures the dependencies
between points and prototypes, according to which the prototype vectors are then
explicitly projected back to individual point embeddings. Such an operation explicitly
incorporates global semantic information into individual point representations while
maintaining computational efficiency.

The PE-based approach has two components. First, we obtain the per-class
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prototype vectors in a non-learnable manner following T. Zhou et al. (2022). Since
no learnable parameters are involved, this approach does not increase network
complexity, which is beneficial for generalizability. Second, we perform a novel
Expansion operation to expand the prototypes to point-level embeddings according
to their dependencies in the feature space. For modeling such point-to-prototype
dependencies, we simply use the feature inner product inspired by the attention
mechanism (Vaswani et al., 2017). Nevertheless, compared to standard attention, our
proposed Expansion operator involves fewer network parameters and allows points
to efficiently inherit information from highly related prototypes. In the end, a gating
mechanism is utilized to effectively recalibrate individual point features concerning
corresponding prototypes. By expanding and projecting global class prototypes to
individual point embeddings, our PE module becomes a global operator. Meanwhile,
the intra-class compactness of the learned feature representation is also increased,
without imposing any extra loss terms. Our proposed PE module is computationally
efficient since it only requires each point to interact with a small set of prototypes
instead of the entire point set. With a slight increase in network complexity, we
can enhance the point feature representation and thus improve the overall semantic
segmentation performance.

Our contributions can be summarized in two folds:

• We propose the use of prototypes to build feature-wise connections between
individual points and class descriptors for global analysis, as an efficient
strategy to overcome the problem of the limited receptive fields.

• Following this insight, we design the PE module, which comes with a novel
Expansion operator, to enhance the feature representation through point-to-
prototype interactions. PE is flexible, easy to plug into existing networks, and
consistently boosts the performance of 3D semantic segmentation tasks.

4.2. RELATED WORK

While there is a large volume of research on point cloud semantic segmentation,
as reviewed in Section 2.2, most of these methods primarily emphasize local
feature aggregation functions with limited receptive fields. In this section, we focus
on methods explicitly designed to expand receptive fields and capture long-range
contextual dependencies. As our approach design is partially inspired by transformers
and self-attention mechanisms, we specifically examine recent advancements in 3D
transformers for global point cloud analysis. In addition, we review relevant literature
on prototype learning methodologies.

4.2.1. 3D TRANSFORMERS AND ATTENTION

Transformers were initially developed for NLP tasks (Vaswani et al., 2017) and later
also demonstrated strong performance in 2D image analysis (Z. Liu et al., 2021).
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Following their successful practice, recent approaches have extended transformers to
3D data, employing attention mechanisms for point cloud processing. The main
motivation is that transformer architectures are inherently suited for point cloud
data: the self-attention mechanism, which forms the foundation of transformer
models, is by nature a set operator and well respects the permutation and cardinality
invariance of the input points. Empowered by the self-attention mechanism,
transformer models allow each point to selectively attend to other points based on
their feature similarity, thereby modeling complex contextual relationships within
the scene.

As reviewed in Section 2.2.3, a variety of transformer-based architectures have
been proposed for point cloud semantic segmentation (M.-H. Guo et al., 2021;
P.-S. Wang, 2023; X. Wu et al., 2022, 2024; H. Zhao et al., 2021). However, many of
these methods restrict the self-attention operation to local neighborhoods. Therefore,
they are inherently limited by their local receptive fields and lack the capacity
to model long-range dependencies. To address this, Stratified Transformer (Lai
et al., 2022) expands the receptive field by sampling sparse distant points as keys,
which improves long-range contextual modeling. Alternatively, methods such as
PatchFormer (C. Zhang et al., 2022) and Point-TnT (Berg et al., 2022) first segment
the point cloud into 3D patches and then apply patch-based attention to capture
global contextual information. Nevertheless, these patch-based strategies often
require extensive preprocessing for global-level analysis.

4.2.2. PROTOTYPE LEARNING

The term prototype, referring to the representation interpretation of classes, dates
back to cognitive science models (Rosch, 1973). It describes each semantic class
using only one or a few best samples, while the class memberships for other
samples are determined by their degree of similarity to the prototypes (Lakoff, 2007).
Prototypes are also closely related to nearest neighbor classification (Cover & Hart,
1967) and clustering (Caron et al., 2020; YM. et al., 2020).

Recently, prototype learning has been increasingly applied to both 2D and 3D
computer vision tasks. For instance, ProtoSeg (T. Zhou et al., 2022) and Point-NN (R.
Zhang et al., 2023) use non-learnable prototypes for semantic inference, where
prototype embeddings are initialized and progressively updated during training via
momentum-based mechanisms. Semantic labels for pixels or points are then inferred
based on their proximity to the nearest prototype in the feature space. Contrary
to them, Y. Zhao et al. (2022) obtained prototypes via a parametric decoder and
followed Maskformer (Cheng et al., 2021) for the semantic inference. This strategy
is computationally expensive due to the need for additional network layers to learn
discriminative prototype embeddings. Furthermore, prototypes can also be used as
soft constraints for 3D semantic segmentation tasks. M. Liu et al. (2022) employed a
contrastive loss term that implicitly encourages feature embeddings of points to be
more closely aligned with their corresponding class prototypes.
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Figure 4.2: An overview of the Prototype Expansion module. F (, : θ) denotes a
learnable function which is parameterized by θ. The height of the
embedding maps represents the input point count, and the width
represents the feature dimensionality.

Unlike these prior approaches, our method explicitly models the relationships
between individual points and class prototypes, enabling the network to generate
more discriminative point embeddings through an effective Prototype Expansion
mechanism.

4.3. METHOD

Our proposed Prototype Expansion module is a computational module that takes
point embeddings at an arbitrary level as input and refines them using global
class prototypes. Figure 4.2 gives an overview of the PE module, which contains
two main computational steps. First, the per-class prototypes are constructed and
dynamically updated in a non-parametric manner, following the work of T. Zhou
et al. (2022). Second, a novel Expansion operation is performed to expand
the prototypes to point-level embeddings according to their dependencies in the
feature space. Through this process, the PE module enhances the individual point
feature representations learned by a network through global contextual information
embedding.

4.3.1. PROTOTYPE CONSTRUCTION AND UPDATING

Efficient global analysis of point clouds is a challenging task. Due to the inherent
complexity of 3D scenes and the varying data densities, it can have high GPU and
memory demands. To achieve global analysis, previous studies (Berg et al., 2022;
C. Zhang et al., 2022) have employed carefully designed data sampling strategies or
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preprocessing techniques such as patch segmentation. However, these techniques
often introduce additional computational complexity. To mitigate this problem,
we propose to abstract the global information contained in a given scene using
only a small set of class prototypes. Specifically, each class is represented by a
single prototype embedding, thereby capturing the global context effectively without
requiring additional data preprocessing steps.

Given a point cloud feature map X ∈ RN×F with N the number of points and
F the feature dimension, we can compress global information into a set with a
limited number of prototypes P ∈ RC×F , where C is the number of classes and
C ≪ N . Here, the feature map X can originate from any arbitrary stage within the
network. Similar to the previous studies of M. Liu et al. (2022) and T. Zhou et al.
(2022), we construct the class prototypes in a non-parametric manner. Formally, the
prototype embedding pc ∈ RF of a class c is initialized as a zero tensor. After each
training iteration, this embedding is updated directly using the available training
point samples, as described by the following equation:

pc ← δpc + (1−δ)
1

Nc

∑
yi=c

xi , (4.1)

where xi ∈ RF denotes the feature embedding of the point i , δ ∈ [0,1] is the
user-specified momentum coefficient, yi is the point label, and Nc represents the
total number of points belonging to class c in the current iteration.

It should be noted that prototypes can also be obtained through learnable network
modules (Caron et al., 2020; Y. Zhao et al., 2022). However, in this study, we
choose to adopt a non-parametric momentum updating mechanism to construct
the class prototype embeddings. This design choice is motivated by two primary
considerations. First, with fewer learnable parameters involved, we can reduce the
network complexity, which can enhance generalization performance. In addition,
since we abstract the prototypes directly from training point samples, we explicitly
embed global contextual information into the prototype representations across
training batches, allowing us to perform efficient global analysis.

4.3.2. PROTOTYPE EXPANSION

Having constructed the class prototype embeddings from training point samples,
we introduce a novel Expansion operation to enhance individual point feature
representation using the obtained prototypes. This expansion step projects and
expands the prototypes back to individual point embeddings according to their
dependencies in the feature space. By facilitating the interaction between individual
point embeddings and global class descriptors, the expansion operation enables our
PE module to function as a global operator. Furthermore, it allows each point
to inherit enriched semantic information from the most relevant prototypes, which
thereby naturally encourages intra-class compactness.
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To achieve a global operator with enhanced intra-class compactness, the expansion
function needs to be designed to satisfy two key criteria. First, the expansion operator
should learn to capture the point-to-prototype dependencies, and accordingly, project
only relevant prototypes to the point embeddings. Second, the operator must
be formulated as a continuous and differentiable function to be compatible with
backpropagation during training. Motivated by the design principle of transformers
and self-attention (Vaswani et al., 2017), we propose an attention-like function for
Prototype Expansion to fulfill these criteria. Figure 4.3 details the computation
scheme of the expansion operator.

Prototype 

memory bank

𝑋

Momentum 

updating

×

Softmax

×

𝑁 × 𝐹

𝐶 × 𝐹

𝑁 × 𝐶 MLP

Sigmoid 𝑁 × 𝐹

∙

𝑋′′

𝑁 × 𝐹

Figure 4.3: The computational graph of the Expansion operator. “×” denotes the
feature inner product. In our PE module, only the MLP layer is involved
with learnable parameters, making our module efficient in terms of both
computation and memory.

First, we use the feature inner product to model the interdependencies between
prototypes and individual point embeddings. The relation coefficient r of the point
i and a prototype c is computed as follows:

r (xi ,pc ) = xT
i pc , (4.2)

where xi ∈ RF is the i th point embedding, and pc ∈ RF represents the obtained
prototype of the class c.

The standard attention mechanism uses additional feature transformations such
as learnable key k(·) and query q(·) functions to model the relation r . For
instance, r (xi ,pc ) = k(xi )T q(pc ). However, in our experiments, we observed that such
learnable keys and queries resulted in slower network convergence and suboptimal
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performance. One possible explanation is that the raw feature embeddings are
already sufficient to capture the feature-wise dependencies, while adding additional
learnable functions introduces unnecessary complexity, which can pose greater
difficulties for network learning. Our prototype expansion, therefore, simply opts for
the inner product between raw feature embeddings to model the relation r .

Having obtained the relation coefficient r (xi ,pc ), we normalize it across all
prototypes by Softmax. Subsequently, the prototypes are expanded to the individual
point embeddings according to the following equation:

x
′
i =

∑C
c=1 er (xi ,pc )h(pc )∑C

c=1 er (xi ,pc )
, (4.3)

where h(·) is a projection layer implemented as a linear layer, and C denotes the
total number of classes. The obtained embedding map x

′
i essentially represents a

compositional combination of prototypes per point, where closely related prototype
vectors impose greater influences through their computed feature dependencies.

Last, we recalibrate the individual point embedding xi using x
′
i with a gating

mechanism, which is described as follows:

x
′′
i ← xi ⊙σ(x

′
i ), (4.4)

where σ(·) refers to the Sigmoid function and ⊙ represents the Hadamard product.
In Section 4.4.5, we provide ablation studies to demonstrate the effectiveness of this
feature recalibration design strategy.

4.3.3. ANALYSIS

In this section, we present a detailed analysis of the proposed PE module, showing
that our method effectively reduces computational complexity compared to other
global analysis approaches on point clouds. Furthermore, we discuss the connections
and distinctions between our method and existing studies in contrastive prototype
learning.

Computational complexity. Our proposed PE module is computationally
efficient compared to prior methods. This is mainly attributed to three reasons.
First, we involve a minimal number of learnable parameters in both prototype
construction and point-to-prototype dependency computation, which facilitates
network optimization and thereby enables faster convergence. In addition, our
proposed Expansion step functions as a global operator with linear computational
complexity. Standard global attention (Vaswani et al., 2017) has a quadratic
complexity w.r.t the point number, meaning that the complexity is O(N 2) with N
the point count. Some works proposed patch-based attention (Berg et al., 2022;
C. Zhang et al., 2022), which partially alleviates this by reducing complexity to
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O(N M) with M the total number of patches. In contrast, our complexity is O(NC ),
where C is a constant describing the number of classes. Importantly, C remains
constant regardless of dataset scale and satisfies C ≪ M ≪ N . Last, equipped with
the PE module, our network becomes single-stage and end-to-end trainable, without
requiring any data preprocessing. In Section 4.4.6, we provide a quantitative analysis
of the complexity and computational efficiency of our method.

Relation to contrastive prototype learning. Contrastive learning is an effective tool
for supervised learning and few-shot learning (Khosla et al., 2020; M. Liu et al., 2022).
Given a set of prototypes, the core of contrastive learning is to employ a contrastive
loss, forcing each point embedding to be more similar to its positive (more relevant)
prototypes and less similar to its negative prototypes. Such a contrastive loss
serves as a soft constraint and implicitly encourages intra-class compactness. On
the contrary, we opt for a more direct approach. By expanding and projecting
the prototypes to point embeddings according to their feature dependencies, we
explicitly construct a more descriptive embedding space, where each point is closer
to its highly related prototypes and further away from the less relevant prototypes.
In this way, both the intra-class compactness and the between-class discrepancy are
naturally enhanced. Our approach is straightforward and does not require additional
network supervision.

4.4. EXPERIMENTS

In this section, we evaluate the effectiveness of the proposed PE module on 3D
semantic segmentation tasks for both indoor and outdoor environments, adopting
several well-established point cloud learning networks as the baseline methods.

4.4.1. EVALUATION SETUP

We conducted a comprehensive analysis of the proposed PE module by benchmarking
it against several established point cloud learning networks as our baselines, such as
PointNet++ (Qi, Yi, et al., 2017), KP-Conv (Thomas et al., 2019), PointTransformer (H.
Zhao et al., 2021), and PointMetaBase (H. Lin et al., 2023). Our PE module
is designed with flexibility in mind, allowing seamless integration into existing
architectures. Theoretically, it can be applied after each feature transformation layer
of the network. In our experiments, we incorporated PE between the last decoding
layer and the head layer.

We assessed the effectiveness of our PE module with two distinct tasks: indoor
scene semantic segmentation and outdoor scene semantic segmentation. For the
indoor segmentation task, we used the widely adopted S3DIS dataset (Armeni et al.,
2016). For the outdoor segmentation task, we utilized the more recent Toronto3D
dataset (W. Tan et al., 2020). The performance evaluation was conducted using
standard metrics, including OA, mIoU, and per-category IoU scores. A detailed
explanation of these metrics is provided in the previous Section 3.4.3.
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4.4.2. IMPLEMENTATION DETAILS

To ensure a fair comparison, we trained each baseline network and its PE-enhanced
counterpart under the same experimental settings. Table 4.1 outlines the data
preprocessing, point sampling strategies, and network training configurations
employed for all baseline models in our experiments.

PointNet++ and PointMetabBase randomly sample a fixed number of points (e.g.,
2048) for network training. Given the large-scale nature of the S3DIS and Toronto3D
datasets, which contain dense point clouds that cannot be directly processed by
the networks, most approaches perform voxelization with a dataset-specified grid
size prior to training. Additionally, different networks adopt different strategies to
sample points into batches. PointNet++, KP-Conv, and PointMetaBase sample partial
point clouds using random 3D blocks, random 3D spheres, and random cropping of
the input points, respectively. On the contrary, PointTransformer takes the entire
scene as input to batches. We followed the same data preprocessing and sampling
strategies as the corresponding baseline networks.

For all experiments, the coefficient for prototype update in Equation 4.1 was
empirically set to δ= 0.8. Training settings, including optimizer choice, learning rate
schedule, weight decay, and number of epochs, were maintained consistently with
those used by the original baseline methods.

4.4.3. RESULTS OF INDOOR SCENES

For the indoor scene semantic segmentation task, we used the challenging S3DIS
dataset (Armeni et al., 2016), which contains six building areas, 217 scenes, and
13 semantic categories (e.g., window, wall, table) in total. For this task, we
adopted the four prominent networks as our baselines: PointNet++ (Qi, Yi, et al.,
2017), KP-Conv (Thomas et al., 2019), Point Transformer (H. Zhao et al., 2021),
and PointMetaBase (H. Lin et al., 2023). Among these baselines, PointNet++ and
PointMetabase are MLP-based networks, KP-Conv employs 3D convolution, and
Point Transformer utilizes a transformer-based framework. As detailed in Table 4.1,
we followed the same data sampling, augmentation, and optimization schemes
(e.g., optimizer, learning rate schedule, weight decay, and supervision loss) as the
corresponding baseline networks for a fair evaluation.

Table 4.2 reports the performance comparison between the baselines and our
PE-enhanced networks. Note that the official PointNet++ paper (Qi, Yi, et al., 2017)
did not report the scores in S3DIS. Hence, we used the results reported in its Pytorch
implementation (X. Yan, 2019). In addition, PointMetabase (H. Lin et al., 2023)
reported the average scores over three training runs using the three seeds 2425, 4333,
and 1111. To ensure a fair comparison, we adopted the same seed configuration and
reported our averaged scores on three training runs.

From these quantitative results, we can see that our approach consistently
surpasses all baselines, achieving mIoU gains of 2.4%, 0.9%, 0.1%, and 0.5% for
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Input point clouds GT labels Baseline results Our results

Figure 4.4: Qualitative results on the S3DIS dataset (Armeni et al., 2016) test set Area
5, using KP-Conv (Thomas et al., 2019) as the baseline. GT denotes
Ground Truth. Our approach demonstrates cleaner segmentation results
with higher objectiveness and more complete semantic boundaries, which
are highlighted by the black-dotted boxes.

PointNet++, KP-Conv, Point Transformer, and PointMetaBase, respectively. These
results indicate that our PE mechanism is effective across a diverse set of backbone
architectures with varying feature learning paradigms. Notably, we observed a
performance improvement in most semantic categories. For instance, 9 categories
report a higher IoU score with PointNet++, 11 with KP-Conv, 9 with Point
Transformer, and 7 with PointMetaBase. Such performance improvements suggest
that the proposed PE module enhances the general feature representation capability
of 3D point clouds, rather than being tailored to specific semantic classes.

In Figure 4.4, Figure 4.5, and Figure 4.6, we present qualitative results achieved
on the S3DIS dataset using KP-Conv (Thomas et al., 2019), PointMetaBase (H. Lin
et al., 2023) and Point Transformer (H. Zhao et al., 2021) as baseline architectures,
respectively. Similar to Chapter 3, we use the following color schemes to render the
scenes in the three figures: for ceiling, for floor, for wall, for beam,
for column, for window, for door, for table, for chair, for sofa, for
bookcase, for board, and for clutter.

In all of these visual comparisons, the integration of our proposed PE module
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Input point clouds GT labels Baseline results Our results

Figure 4.5: Qualitative results on the S3DIS dataset (Armeni et al., 2016) test set
Area 5, using PointMetaBase (H. Lin et al., 2023) as the baseline. Our
improvements are highlighted with black-dotted boxes.

leads to notable enhancements in segmentation quality. In particular, our PE module
demonstrates significant improvements in the identification and segmentation of
various object categories, such as window and table. It is evident that the
PE-enhanced network effectively reduces semantic segmentation errors by mitigating
segmentation inconsistencies and capturing objects with more complete geometrical
shapes. This improvement can be attributed to the effectiveness of the Expansion
operator, which performs global prototype expansion and projection to refine
pointwise embeddings through point-to-prototype interaction.

Furthermore, the PE module demonstrates the capability to detect minority classes
such as Column and Door, which constitute only a small fraction of the training
dataset. The main reason is that the global prototype expansion naturally encourages
intra-class compactness, thereby facilitating more discriminative feature learning
without the need for additional supervisory loss terms. However, as discussed in
Section 4.4.7, the integration of PE may occasionally introduce segmentation noise
in local regions. This is also indicated in Figure 4.6, row 3, where PE introduces
minor segmentation noise in the category of bookcase. Overall, both quantitative
experiments and qualitative visualizations indicate that our proposed PE module can
effectively enhance segmentation performance across diverse backbone architectures
and feature learning paradigms.
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Input point clouds GT labels Baseline results Our results

Figure 4.6: Qualitative results on the S3DIS dataset (Armeni et al., 2016) test set
Area 5, using PointTransformer (H. Zhao et al., 2021) as the baseline.
Our improvements are highlighted with black-dotted boxes. Meanwhile,
the minor segmentation noise in some local regions is marked by
black-dotted circles.

4.4.4. RESULTS OF OUTDOOR SCENES

To further validate the generalizability of the proposed PE module across diverse
real-world environments, we evaluated its performance on the Toronto3D dataset (W.
Tan et al., 2020), a large-scale urban point cloud dataset captured via mobile laser
scanning systems along Avenue Road in Toronto, Canada. Toronto3D comprises 78.3
million points spanning approximately 1 km of urban streets, and is divided into
four distinct areas annotated with eight semantic classes such as road, natural, pole,
and car. Following the standard evaluation guideline of the Toronto3D benchmark,
we used areas L001, L003, and L004 for training, and L002 for testing. Our evaluation
employed KP-Conv (Thomas et al., 2019) as our baseline, training with the additional
RGB values as the input. Due to the performance variations of KP-Conv on this
dataset, we reported the averaged scores over three training runs for both the
baseline and our PE-enhanced model.

As presented in Table 4.3, the integration of the proposed PE module exhibits
a notable 1.0% improvement in mIoU, achieving performance on par with other
state-of-the-art methods. Five categories demonstrate superior IoU scores compared
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Input point clouds GT labels Baseline results Our results

Figure 4.7: Qualitative results on the Toronto3D dataset (W. Tan et al., 2020) test
set L002, using KP-Conv (Thomas et al., 2019) as the baseline. Our
improvements are highlighted with black-dotted boxes. We use the
following colors to render distinct urban objects: for road, for road
mark, for natural objects, for building, for utility line, for pole,

for car, and for fence.

to the baseline, underscoring the effectiveness of PE. Particularly noteworthy are the
significant enhancements observed in minor classes. For instance, the categories of
road mark, utility line, and fence collectively account for only 2.3%, 0.8%, and 0.5%
of the whole dataset. The scarcity of training data for these minor classes poses
challenges for existing methods in accurately detecting them. Despite this, the PE
module achieved substantial improvements in IoU scores for these categories, with
gains of 6.5%, 0.2%, and 2.1%, respectively. These results demonstrate the potential
of PE to alleviate the class imbalance issue and enhance feature learning for rare
categories, without the need to design special loss terms to balance point count
variations among different classes.

Figure 4.7 presents the segmentation results achieved on Toronto3D (W. Tan
et al., 2020), adopting KP-Conv (Thomas et al., 2019) as the baseline. The
proposed PE module enhances segmentation performance by better preserving the
geometric completeness of object shapes. Specifically, we have observed significant
improvements in the segmentation of categories such as fence and road mark,
highlighting the module’s capacity in addressing class imbalance without the need



4.4. EXPERIMENTS

4

69

for special supervisory loss terms. This indicates that our PE module effectively
enhances the segmentation of minor classes, showing its ability to alleviate the class
imbalance issue prevalent in 3D semantic segmentation tasks.

4.4.5. ABLATION STUDIES

The design of our PE module diverges from the conventional Attention
mechanism (Vaswani et al., 2017) in two key aspects: First, it utilizes the inner
product of raw features, rather than transformed representations such as keys and
queries, to model point-to-prototype dependencies. Second, instead of incorporating
a residual link (He et al., 2016) for feature recalibration, our approach incorporates
a gating mechanism. In this section, to validate the contribution of each design
component, we conducted a series of ablation studies. These experiments were
performed on the S3DIS dataset (Armeni et al., 2016), using PointMetaBase (H. Lin
et al., 2023) as the baseline network. For consistency and fair comparison, all
experiments were conducted with a fixed random seed set to 2425. Table 4.4
summarizes the results of our ablation studies.

Method mAcc(%) mIoU(%)

Baseline network 75.9 69.6

Using embedded feature inner product 75.2 69.0

Using ReLU + residual link 74.7 68.6

Using ReLU + Hadamard product 76.0 69.7

Using Sigmoid + Hadamard product (PE) 77.3 70.5

Table 4.4: mAcc and mIoU scores of the ablated networks. The experiments were
carried out using the seed 2425.

Modeling point-to-prototype dependencies. As shown in Table 4.4, replacing the
raw feature inner product with the transformed feature inner product (e.g., inner
product between keys and queries) leads to a performance decline, with mAcc
and mIoU decreasing by 0.7% and 0.6%, respectively, relative to the baseline. In
contrast, our proposed use of the raw feature inner product yields performance
gains, improving mAcc by 1.4% and mIoU by 0.9% over the baseline.

Feature recalibration. We investigate three alternative strategies for feature
recalibration in Equation 4.4: (i) Using ReLU with a residual link. (ii) Using ReLU
with Hadamard product. (iii) Using Sigmoid with Hadamard product. Experimental
results indicate that the combination of Sigmoid activation and Hadamard product,
which corresponds to our proposed method, yields the best performance. Specifically,
it outperforms variants (i) and (ii) by 1.9% and 0.8% in mIoU, demonstrating its
superior effectiveness among the three configurations.



4

70 4. GLOBAL PROTOTYPE EXPANSION FOR SEMANTIC SEGMENTATION

4.4.6. COMPLEXITY AND EFFICIENCY

To evaluate the model complexity and computational efficiency of our PE-enhanced
networks, we conducted a comparative analysis against the baseline networks using
two primary metrics: the number of parameters and the inference speed, measured
in terms of Throughput (TP). All experiments were performed under identical batch
configurations across networks on an NVIDIA RTX A6000 GPU to ensure a fair
comparison. For the S3DIS benchmark, we set the batch size to 16 and the number
of points per batch to 15,000. The detailed results are presented in Table 4.5.

Methods
Params (M) TP (ins./sec)

Baseline + PE Baseline + PE

S3DIS

PointNet++ 0.97 0.97 37.48 36.65

KP-Conv Rigid 25.59 25.61 - -

PointTransformer 7.77 7.77 59.86 58.91

PointMetaBase-L 2.74 2.74 132.13 144.32

Toronto3D KP-Conv Rigid 24.38 24.40 - -

Table 4.5: Comparison of the number of network parameters and TP between
baselines and our PE-enhanced networks. All measurements are
conducted with an NVIDIA RTX A6000 GPU.

Our PE module results in a minimal increase in model complexity relative to
the baseline networks, introducing only 0.005M and 0.018M additional parameters
on average for the S3DIS and Toronto3D datasets. For the inference speed, our
PE-enhanced networks achieve a similar Throughput as the baseline networks, with
only a minor trade-off. This marginal overhead can be attributed to two main design
choices: First, we use a non-parametric approach for prototype construction and
updating, which avoids additional learnable parameters. Second, we employ a simple
and lightweight Expansion step, implemented using only a one-layer MLP as the
projection function h(·), as defined in Equation 4.3 and illustrated in Figure 4.3. All
remaining operations within the PE module are parameter-free, further contributing
to its efficiency.

Considering the performance improvements achieved by the proposed PE module
on both tasks (see Tables 4.2 and 4.3), along with its minimal impact on inference
time, we conclude that the PE module consistently enhances baseline models in an
efficient and computationally lightweight manner.

4.4.7. LIMITATIONS

Our proposed Prototype Expansion module facilitates efficient global feature
analysis by leveraging class prototypes and explicitly expanding them into point-
level embeddings based on their relationships within the feature space. This
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approach effectively enhances intra-class feature compactness, leading to improved
performance across a range of baseline models. However, despite these advantages,
PE has several limitations that require further investigation.

First, the current implementation of the PE module employs a single prototype to
represent each semantic class. While computationally efficient, this simplification
overlooks intra-class variability, potentially ignoring the diverse distribution of point
embeddings within the same category. Second, the PE design does not explicitly
model spatial relationships between individual points and class prototypes. In
particular, positional encoding is not incorporated in the Expansion step, despite
the well-established importance of spatial information in 3D vision tasks. Finally,
although the explicit injection of global semantic information into individual
point-level embeddings enhances overall structural understanding, it may have
difficulty in handling local regional details. This can result in misclassifications or
noisy predictions in spatially complex regions, as illustrated in the third scene of
Figure 4.6.

4.5. CONCLUSIONS

While the previous Chapter 3 focuses on local semantic refinement near object
boundaries, in this chapter, we investigate the task of 3D semantic segmentation
from a global perspective. We have presented Prototype Expansion, a novel network
module designed to enhance the representational capacity of individual point
features through point-to-prototype interactions. Unlike conventional approaches
that often rely on local network operators with constrained receptive fields, our
PE block leverages global prototype descriptors to recalibrate individual point
embeddings. This mechanism effectively transforms the PE block into a global
feature operator, thereby contributing to the improved intra-class compactness.

Comprehensive experiments on both indoor scene segmentation and outdoor
scene segmentation tasks, across multiple baseline architectures, have demonstrated
the effectiveness and generalizability of the proposed PE module. These results
underscore the utility of incorporating global context, positioning the PE module as
a meaningful contribution to 3D point cloud processing tasks.





5
STRUCTURE-AWARE TREE INSTANCE

SEGMENTATION

While Chapters 3 and 4 focus on 3D semantic segmentation, this chapter advances the
discussion toward fine-grained instance-level segmentation of urban environments,
with a particular emphasis on trees. Trees are vital components of urban planning,
forestry, and ecological systems. However, unlike buildings that can often demonstrate
regular outlines and can be delineated using existing footprint data, trees pose
significant segmentation challenges due to their complex nature and geometric
variabilities. In this chapter, we introduce a novel structure-aware method for robust
instance segmentation of urban trees directly from 3D point clouds. The proposed
approach employs a multi-task learning framework that simultaneously performs (i)
semantic segmentation to classify a point as crown, stem, or other; (ii) heatmap
prediction to assign a heat value to each point based on 2D Gaussian kernels centered
at tree stem locations; (iii) offset prediction to estimate point-wise offset vectors
pointing to the instance centroid. These outputs are integrated to accurately localize
tree stems. Then, we adopt a graph-based shortest path algorithm to group individual
tree points based on the localized stems. Extensive experiments on two public
forestry datasets, TreeML and ForInstance, demonstrate that our approach consistently
outperforms state-of-the-art methods, reducing significant under-segmentation or
over-segmentation errors. Our segmentation framework has broad applicability
across various downstream domains, including urban landscape design, carbon cycle
modeling, and environmental simulation.

This chapter is based on the paper: Shenglan Du, Jantien Stoter, Julian F.P. Kooij, Liangliang Nan.
SATree: Structure-aware Tree Instance Segmentation from 3D LiDAR Point Clouds. Urban Forestry &
Urban Greening 120 (2026): 129414. DOI: 10.1016/j.ufug.2026.129414.
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5.1. INTRODUCTION

3D instance segmentation, a more fine-grained task than 3D semantic segmentation,
seeks to partition urban scenes into distinct object instances. This chapter focuses on
3D instance segmentation, with a specific emphasis on large-scale trees. Trees play
a critical role in urban ecosystems, providing significant ecological and economic
benefits by contributing to photosynthetic activity, maintaining carbon balance, and
regulating the temperature (Hyyppä et al., 2012). Unlike buildings, which typically
exhibit regular outlines and simple geometries, trees present greater challenges
due to their inherently complex and variable morphology. Accurate quantification
and assessment of trees is a fundamental task for many applications such as
urban planning, forestry management, and environmental simulations. For example,
estimating forest biomass and volume at the individual tree level is crucial for
accurate carbon storage assessments, which further helps to develop climate change
mitigation strategies (Shrestha et al., 2018); Modeling trees within urban green spaces
is also important to landscape architects and urban designers, contributing to the
planning and sustainability of modern cities. All the aforementioned applications
require precise tree inventory at the instance level.

Traditional inventories of trees and vegetation heavily rely on field surveys, which
can be labor-intensive, time-consuming, and costly (Hyyppä et al., 2001). With recent
advances in remote sensing technology, 2D satellite imagery and 3D LiDAR data have
been used to efficiently characterize forest structure in large areas (Dassot et al.,
2011). Specifically, a wide range of image-based AI approaches have been proposed
to facilitate vegetation segmentation (Arief et al., 2018), identify tree species (Hakula
et al., 2023), delineate individual tree crowns (Weinstein et al., 2020; Yun et al.,
2021), and analyze tree structures (Reche-Martinez et al., 2004). However, images
may suffer from low resolution, weather sensitivity, and occlusion issues that hinder
accurate data acquisition (P. Wang et al., 2023). Furthermore, imagery naturally does
not capture tree structure details, thus failing to achieve fine-grained tree instance
segmentation, particularly in dense forest areas with complex tree shapes. Compared
to images, LiDAR point clouds directly capture object surfaces with accurate 3D
measurements and rich geometrical details. Given their high spatial resolution and
accuracy, LiDAR data have been widely adopted for individual tree segmentation,
which further enables researchers to derive key botanical structural parameters such
as tree height (Olofsson et al., 2014), Diameter at Breast Height (Sun, Jin, et al.,
2022), as well as tree volume and biomass (Fan et al., 2020).

Individual tree segmentation from LiDAR point clouds can be categorized into
heuristic- and learning-based approaches. Heuristic-based methods often assume
that tree tops are local maxima and thus can be detected by watershed algorithms
(Q. Chen et al., 2006). Another common assumption is that tree crown points form
dense clusters of points in the 3D Euclidean space. Therefore, they can be segmented
through various clustering techniques, including mean-shift clustering (Malladi et al.,
2024), density-based clustering (Hakula et al., 2023; J. Wang et al., 2018), hierarchical
clustering (Lee et al., 2010), and graph shortest path algorithm (Livny et al., 2010;
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Tao et al., 2015). However, these methods highly demand domain-specific heuristic
knowledge as priors. On the other hand, driven by the success of deep learning in
computer vision and point cloud analysis, several learning-based methods have been
introduced, aiming to address the limitations of conventional approaches. Early
methods typically convert point clouds into discretized models such as CHMs or
DSMs and apply image processing techniques, e.g., CNNs, to achieve individual tree
segmentation (Chang et al., 2022; Hamraz et al., 2019; J. Wang et al., 2019). The 2D
segmentation results are then projected back to the original 3D space to obtain 3D
tree instances. Such data transformation between 2D and 3D typically introduces
information loss. To address this issue, more recent approaches (Henrich et al., 2024;
T. Jiang, Liu, et al., 2023; T. Jiang, Wang, et al., 2023; H. Luo et al., 2021; Z. Luo
et al., 2021; P. Wang et al., 2023) directly process point clouds and perform per-point
instance predictions in the 3D space. Among them, P. Wang et al. (2023) designs a
two-branch network that fuses the features of the semantic and instance branches
for tree instance segmentation. Henrich et al. (2024), T. Jiang, Liu, et al. (2023), and
H. Luo et al. (2021) perform joint semantic segmentation and offset prediction (i.e.,
a directional vector pointing to the tree instance centroid), followed by clustering
the points into individual trees. Notably, TreeLearn (Henrich et al., 2024) utilizes the
state-of-the-art 3D instance segmentation network SoftGroup (Vu et al., 2022) as its
backbone. Similarly, T. Jiang, Wang, et al. (2023) jointly learns point semantics and
offsets but also integrates tree centroid prediction as the second stage to enhance
individual tree segmentation.

Despite their impressive performances, these methods struggle to accurately
identify individual trees in complex urban forest environments, where trees exhibit
significant overlap or occlusion. This often leads to under-segmentation or
over-segmentation errors. To address these challenges, we propose SATree, a
Structure-Aware Tree instance segmentation approach targeting challenging urban
forestry areas. By detecting critical tree structures such as stems and crowns, we
can achieve precise tree instance segmentation that is robust against tree shape
complexities and varying sizes.

The idea of localizing tree stems to find individual trees has been recently explored
by Ning et al. (2023), Pu et al. (2023), and J. Wang et al. (2019). However, they regard
stem detection as a separate task, which often requires additional network learning
modules, thus adding extra data preprocessing and computational complexity. In
contrast, we introduce a simple and unified point cloud learning framework that
identifies both tree crowns and stems in a parallel manner. Figure 5.1 gives an
approximate overview of our workflow.

We use one network to simultaneously perform three tasks: (i) Semantic
segmentation. Each point is classified as crown, stem, or other; (ii) Heatmap
prediction. A heat value is predicted for each point based on 2D Gaussian kernels
centered at tree stem locations. The heat value increases as the point approaches the
tree stem or main branches, to support more accurate stem localization; (iii) Offset
prediction. A 3D offset vector is predicted for each point, directing it toward its
corresponding tree instance centroid. This unified framework enables high-fidelity
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Scene point clouds

Semantic predictions

Heat value predictions

Offset predictions

Segmented tree instances

Zoomed-in offsets

Figure 5.1: Our workflow with three intermediate outputs and final tree instances.
We simultaneously perform three tasks: (i) semantic segmentation to
classify if a point is crown (green), stem (brown), or other (black); (ii)
heatmap prediction to assign a heat value to each point, ranging from 0
(blue) to 1 (red). High values indicate tree stems or main branches; (iii)
offset prediction to predict an offset vector pointing to the corresponding
tree instance centroid. At the bottom left, we visualize the zoomed-in
predicted offsets. Tree points are visualized in green, and offset vectors
are visualized with black lines. By combining the three task predictions,
we achieve accurate tree instance segmentation. At the bottom right, we
can effectively segment trees of various sizes in challenging environments,
demonstrating the robustness of our proposed approach in complex
urban forestry scenes.

localization of tree stems without any preprocessing or separate network learning
processes. Once tree stems are identified, we use a graph-based shortest path
approach to isolate individual trees, which considers the proximity of points in the
Euclidean space and their offset orientation towards the instance centroids. This
strategy helps to precisely delineate tree instance boundaries.

Our work provides two major contributions:

• A multi-task learning framework that jointly segments crowns and stems from
the urban scenes. In addition to that, we also involve heatmap prediction and
offset prediction to guide 3D tree instance segmentation.

• A graph-based shortest path method that incorporates the learned offset
embeddings for precise delineation of tree boundaries in complex areas.
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5.2. RELATED WORK

While Section 2.3 has reviewed a large number of 3D instance segmentation methods
targeting general urban objects, in this section, we review the methods specifically
tailored for individual tree detection and tree instance segmentation, ranging from
conventional heuristic-based approaches to recent learning-based approaches.

5.2.1. HEURISTIC-BASED APPROACHES

Automatic segmentation of individual trees is challenging due to the irregularity
of tree shapes and the inherent complexity of forest ecosystems. Early
approaches primarily focused on identifying and extracting treetops from 2D aerial
imagery (Dralle & Rudemo, 1996; Wulder et al., 2000), which was later extended to
3D LiDAR data (Q. Chen et al., 2006). Following treetop detection, classical image
segmentation techniques, such as watershed segmentation (Beucher, 1979), can be
applied to recognize individual trees. To achieve more accurate segmentation of
tree morphological shapes, Yun et al. (2021) introduced a dual Gaussian filter in
combination with an anisotropic water expansion algorithm for crown boundary
segmentation. However, such methods simply detect treetops as local maxima from
images or CHMs, which can result in large commission errors (Q. Chen et al., 2006).

Another line of approaches adopts grouping-based strategies to segment individual
trees from point clouds, based on the observation that tree canopy points naturally
form dense clusters in the 3D space. The clustering algorithms used for grouping the
points are k-means (Gupta et al., 2010), hierarchical clustering (Lee et al., 2010), and
mean-shift (Malladi et al., 2024). Studies of Ayrey et al. (2017), Hakula et al. (2023),
and J. Wang et al. (2018) propose a layer-wise stacking strategy to mitigate clustering
errors in dense forest areas. These methods slice the forest canopy into layers,
cluster points per layer, and aggregate the layer-wise clusters into tree instances.
Several works also leverage graph structure for tree instance segmentation. Works of
Livny et al. (2010) and Tao et al. (2015) applied the graph shortest path algorithm
to group individual trees. Heinzel and Huber (2018) constructed a similarity graph
over the points and segmented the trees using a Markov Random Field framework.
D. Wang et al. (2021) developed a hybrid approach combining the Delaunay graph
and kNN graph, where each node repeatedly walks to its lowest neighbor to locate
its tree source.

A major limitation of heuristic-based approaches is that they heavily rely on
domain-specific knowledge as priors, making them difficult to generalize to a broad
range of forestry scenes. Finding the optimal solution is often non-trivial for a
specific urban scene or tree type.

5.2.2. DEEP LEARNING-BASED APPROACHES

Enabled by the broad applications of deep learning in computer vision and point
cloud analysis, numerous learning-based approaches have been developed to address



5

78 5. STRUCTURE-AWARE TREE INSTANCE SEGMENTATION

tree instance segmentation.

A number of studies have directly applied image-based object detection networks
to identify 2D urban tree instances from captured RGB imagery. Among them,
DeepForest (Weinstein et al., 2019, 2020) adopts the RetinaNet (T.-Y. Lin et al., 2017)
detector to produce tree bounding box predictions from aerial images. Follow-up
studies have adapted R-CNNs, e.g., Faster R-CNN and C-Mask R-CNN, for individual
tree detection and counting (Osco et al., 2020; Sun, Li, et al., 2022). Ammar
et al. (2021) compared several CNN-based object detection approaches for palm tree
counting in large farm areas, concluding that Yolov4 (Bochkovskiy et al., 2020) and
EfficientDet-D5 (M. Tan et al., 2020) provide the best trade-off between accuracy and
inference speed.

Besides, many research efforts have also been dedicated to 3D tree instance
segmentation from LiDAR point clouds. Among them, discretization-based methods
first discretize the tree points into grid-based models (e.g., DSMs and CHMs), then
adopt a 2D object detection network to locate tree bounding boxes. Chang et al.
(2022) projected tree points onto the ground plane and utilized Yolov3 (Redmon,
2018) for tree instance segmentation. Xi and Hopkinson (2021) transformed tree
points into bird’s-eye-view images and employed CenterNet (Duan et al., 2019)
for individual tree detection. Alternatively, point-based methods directly perform
instance segmentation on 3D tree points, avoiding the potential information loss
during data transformation. P. Wang et al. (2023) proposed a two-branch network
that fuses features from the semantic branch and the instance branch to segment
tree instances. X. Chen et al. (2021) used PointNet (Qi, Su, et al., 2017) to classify
tree points and obtained individual tree crown boundaries by analyzing height
gradients. H. Luo et al. (2021) first performed semantic segmentation of trees,
then incorporated an additional network to predict pointwise offset vectors directed
towards object centroids, allowing points to aggregate into distinct tree instances.
This strategy was later extended to the study of T. Jiang, Wang, et al. (2023),
where tree centroids are mined from the learned offset embeddings to enhance
the tree instance segmentation accuracy. Recently, Segmentanytree (Wielgosz
et al., 2024) and TreeLearn (Henrich et al., 2024) adopted state-of-the-art 3D
instance segmentation networks, e.g., PointGroup and SoftGroup, for individual tree
segmentation. Additionally, several studies (Pu et al., 2023; J. Wang et al., 2019)
focused on detecting tree stems to separate single trees, relying on transforming
stem points to CHMs and detecting them using 2D image processing techniques.

Similar to previous studies, our proposed SATree performs joint semantic
segmentation and offset prediction. Nevertheless, SATree explicitly detects main
tree parts such as stems and crowns. Using these structures as priors, SATree can
precisely localize, identify, and delineate individual trees even in challenging urban
areas, maintaining its robustness against tree overlaps and varying tree sizes.
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Figure 5.2: Framework of SATree. The input to our method is a point cloud
containing coordinates and additional features. N is the number of input
points. We use intensity as the input feature across all the experiments,
i.e., C = 1. SATree has one shared point feature encoder and three
decoders that jointly perform semantic segmentation, Gaussian heatmap
prediction, and offset vector prediction. We use three distinct losses Ls,
Lh, and Lo to supervise the corresponding tasks. Then, we combine the
semantic outputs with the heatmap outputs to accurately localize tree
stems. Lastly, the tree points are grouped based on the detected tree stem
locations to generate the 3D tree instances.

5.3. METHOD

Our input is a point cloud P ∈ RN×(3+C ) captured from an urban scene containing
both trees and non-tree objects, where N denotes the number of points and C
denotes the input point feature dimension. Theoretically, any useful geometrical or
spectral attributes can be used as input point features. In this study, we use the
point intensity value as the feature for its simplicity and wide applicability, i.e., C = 1.
Taking P , we use a point-based deep learning backbone to encode point features,
followed by three decoding branches:

• a semantic segmentation branch for segmenting points into categories of
crown, stem, and other;

• a Gaussian heatmap prediction branch for assigning a heat value to each point.
We generate a 2D Gaussian-based heatmap on the x-y plane with peaks at the
locations of individual tree stems. As detailed in Section 5.3.1, points near tree
stems or main branches are predicted with high heat values, which helps to
localize tree roots precisely;

• an offset prediction branch for predicting a pointwise offset vector directing
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towards tree instance centroids.

The overall framework is illustrated in Figure 5.2. We can identify high-fidelity
tree stem locations using the outputs from semantic segmentation and heatmap
predictions. Subsequently, combining the outputs from all three branches, we group
tree points based on the extracted stem locations to obtain the final tree instances.

5.3.1. NETWORK ARCHITECTURE

Our network has one shared feature encoder and three separate decoding branches.
We use PointMetaBase (H. Lin et al., 2023) as our backbone for the feature encoder
to obtain high-level point features. In theory, any point-based learning networks
(e.g., PointNet++ (Qi, Yi, et al., 2017), KP-Conv (Thomas et al., 2019), Point
transformer (H. Zhao et al., 2021), Stratified transformer (Lai et al., 2022)) can be
used. In this work, we choose PointMetaBase since it achieves a good trade-off
between performance accuracy and computational efficiency. Following the shared
feature encoder, the network consists of three decoding branches: the semantic
segmentation branch, the heatmap prediction branch, and the offset prediction
branch. Each branch performs a distinct task, which is detailed as follows:

SEMANTIC SEGMENTATION BRANCH

This branch outputs a semantic logit map S ∈ RN×K , where K is the number of
semantic categories. In this study, the categories include crown, stem, and other, and
thus K = 3. Tree crowns and stems are treated as distinct classes, while all the rest
points in the scene (e.g., building, road, lamppost, pedestrian) are categorized as
other, given our focus on tree objects. The high class imbalance poses challenges
for standard supervision. For the urban environment, other (e.g., grounds, buildings,
roads) accounts for the majority of the dataset while stem only accounts for a very
small portion. Therefore, we use the weighted Cross Entropy loss to supervise this
branch, where we assign a significantly higher weight to the class stem and a lower
weight to other.

Ls =−
N∑

i=1
wk log pk

i , (5.1)

where N is the total number of points, k is the GT semantic label of the i th point,
pk

i is the predicted probability of the i th point belonging to its GT category that can
be obtained from the network softmax layer, and wk is the weight of the class k.

HEATMAP PREDICTION BRANCH

To better localize tree stems, we produce a 2D Gaussian-based heatmap on the x-y
plane with peaks at the locations of individual tree stems. Then, we use this branch
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Figure 5.3: Visualization of GT Gaussian heatmaps of four individual tree instances
with varying sizes and species. The Gaussian heat value ranges from 0 to
1, from blue to red. True stem points typically have higher heat values.

to predict a Gaussian heatmap H ∈ RN×1. The GT heatmap Ĥ is created by retrieving
each tree instance and placing a 2D Gaussian kernel centered at its respective tree
stem location, which is defined as the geometrical center of the tree stem points.
The GT heat value of the i th point is computed as follows:

ĥi = e−αdi /r , (5.2)

where di is the 2D x-y distance from the i th point to stem centroid of its
corresponding tree instance. r is the Gaussian kernel radius defined as the maximum
point-to-stem 2D distance we can obtain from the current tree instance. α is the
hyperparameter that scales the Gaussian distribution. Figure 5.3 visualizes the GT
heatmaps of several tree instances. All background points are assigned a heat value
of 0. In such a way, we ensure that only points associated with tree stems or main
structures are highlighted. The GT Gaussian heatmap only needs to be generated for
the training dataset.

We use the MSE loss to supervise the heatmap branch:

Lh =
N∑

i=1
|hi − ĥi |2, (5.3)

where hi is the predicted heat value of the i th point and ĥi is the corresponding GT
value.

OFFSET PREDICTION BRANCH

Following the standard practice in previous studies (Henrich et al., 2024; T. Jiang, Liu,
et al., 2023; T. Jiang, Wang, et al., 2023; H. Luo et al., 2021; Wielgosz et al., 2024), we
use this branch to output an offset map O ∈ RN×3, where for each point, we predict
a 3D offset vector pointing to its tree instance centroid. The predicted offset vectors
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are further used in the tree point grouping step to enhance the segmentation of tree
instances. We use MSE loss to supervise this task, which is formulated as follows:

Lo =
N∑

i=1
∥di − d̂i∥2

2, (5.4)

where di ∈ R3 is the predicted offset direction vector. d̂i is the GT offset vector of
the i th point. During training, the background (i.e., other) points are masked out,
whereas only the tree points (i.e., crown and stem) contribute to the supervision.

NETWORK SUPERVISION

The network is jointly supervised by the three loss terms defined for the three
separate branches. The total loss is given as follows:

L = Ls +λ1Lh +λ2Lo, (5.5)

where λ1 and λ2 denote the hyperparameters to balance the corresponding losses.

5.3.2. STEM LOCALIZATION

Having obtained the network outputs, we first select the points predicted as stem
and perform a density-based clustering on the x-y plane over the stem points to
initially localize individual tree roots. This is inspired by the observation that stem
points typically form dense clusters at tree roots.

In practice, not all identified stem clusters correspond to actual tree stems due to
noise and errors in the previous semantic predictions. For example, objects such as
lampposts are often misclassified as tree stems. To mitigate such errors, we perform
a sequence of fidelity checks over the clustered stem candidates. Algorithm 1 details
our stem localization steps. Three criteria are designed based on the geometrical
properties of tree roots and heat value distributions, which can be formulated as
follows:

(i) Proximity to the ground. We measure if the lowest point in a tree stem
candidate is close enough to the ground using a height threshold ϵz , as illustrated
in Algorithm 1 Line 9. This ensures that detected stems are grounded appropriately
within the scene.

(ii) High heat value. As illustrated in Figure 5.3, true stem points are likely to be
predicted with higher heat values. Therefore, we use an empirical heat threshold
ϵh to filter out the stem cluster candidates with insufficient heat values. This is
explained in Algorithm 1, Line 10.

(iii) Local maxima in the heat distribution. In certain cases, such as urban
scenes with small trees, true stem points may exhibit low predicted heat values as
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Algorithm 1: Tree stem localization from the network predictions

Input: input point coordinates P , predicted semantic map S, and heatmap H
Output: stem clusters C = {C1,C2,C3, ...} with root locations R = {r1,r2,r3, ...}

1 Initialization: C ←;, R ←;, user-defined thresholds ϵh ,ϵz ,ϵr

2 Extract points with semantic predictions of stem and crown,
Ps ← {pi ∈ P |si = stem};
Pc ← {pi ∈ P |si = crown}

3 Apply density-based clustering on Ps on the x-y plane to obtain stem cluster
candidate set C ′ = {C1,C2,C3, ...}

4 for Ci ∈C ′ do
5 Collect the stem cluster coordinates and heatmap predictions,

Pi ← {pj|pj ∈ Ps ∩Ci };
Hi ← {h j |pj ∈ Ps ∩Ci }

6 zmi n ← mi n(Pi (z))− zg r ound

7 h ← av g (Hi )
8 ri ← av g (Pi )
9 if zmi n < ϵz then

10 if h > ϵh then
11 C ←C + {Ci }; R ← R + {ri}
12 end
13 else
14 N1 ← {pj|pj ∈ Pi ∧ di st (pj,ri) ≤ ϵr }; // di st (·, ·) computes the 2D

distance of points on x-y plane
N2 ← {pj|pj ∈ Pi ∧ di st (pj,ri) ≤ 3ϵr };
h1 ← max{h j |pj ∈ N1}; h2 ← max{h j |pj ∈ N2}
if h1 ≥ h2 then

15 C ←C + {Ci }; R ← R + {ri}
16 end
17 end
18 end
19 end

the heatmap prediction is implemented as a regression task that outputs continuous
predictions. Figure 5.4 shows such an example. Therefore, simple thresholding using
ϵh will likely ignore such small trees with low heat values. To enhance the robustness
of stem detection, we apply a two-layer cylindrical neighborhood, as illustrated in
Figure 5.4, to assess whether a stem cluster represents a local maximum in the heat
value distribution. Stem cluster candidates that form such local maxima are also
classified as true tree stems, which serves as a refinement for the second criterion.
Our local maxima-based stem filtering is detailed in Algorithm 1, Lines 14-16.

Although the design of the local maxima criterion is not as explicit as the first two
criteria, we found that it significantly improves stem recognition in our experiments.
Its effectiveness is discussed with ablation studies in Section 5.4.6.
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(a) Side view (b) Top view

Figure 5.4: An example of predicted heatmaps for an urban scene. The Gaussian heat
values range from 0 to 1, from blue to red. Although stem points from
large trees typically have high heat values, small tree stem points exhibit
low predicted heat values, making it difficult to detect them successfully.
We propose to detect these stems by detecting the local maxima in the
heat distribution using a two-layer cylindrical neighborhood, visualized
as red circles.

5.3.3. TREE POINT GROUPING

Following the localization of tree stems, we perform individual tree isolation using a
graph-based approach. We construct a Delaunay triangulation graph G = (V ,E) over
the input tree points (i.e., points predicted to be either stem or crown). The detected
tree root locations, R = {r1,r2,r3, ...} obtained from Algorithm 1, are manually added
to G as additional vertices. Then, we apply Dijkstra’s shortest path algorithm to build
the Minimum Spanning Tree (MST), determining the tree source for each vertex
within the graph. We add pseudo edges between root vertices in R with zero edge
weights, which guarantees that every tree vertex can be sourced back to a root vertex
in the resulting MST.

Works of Livny et al. (2010) and Tao et al. (2015) also utilize the shortest path
approach to group individual tree points based on the tree root locations. However,
they only weigh the edges of G by the 3D Euclidean distances between vertex pairs.
While straightforward, this edge-weighting strategy fails to account for size variations
among different tree instances in complex forest scenes. For example, branches or
twigs from a large tree may be wrongly assigned to a neighboring smaller tree if
their shortest paths to the neighboring tree’s root are shorter. This often leads to
inaccurate boundary delineation between tree instances.

To overcome their limitations, we propose shifting the vertex coordinates using
the predicted offset embeddings obtained from Section 5.3.1. Edges in G are then
weighted by the 3D Euclidean distances between the shifted vertex pairs. Given the
3D coordinate of the original vertex vi, we shift it to a new coordinate v′i by the
following formula:
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v′i = vi +β(1−hi )
di

∥di∥2
, (5.6)

where hi and di are the predicted heat value and offset vector of the i th point in
the graph. β is a user-defined hyperparameter. The shifting mechanism enables
each tree point to move incrementally toward its corresponding instance centroid.
In Equation 5.6, the step direction is determined by the predicted offset d, and the
step magnitude is modulated by the predicted heat value h. Thus, points near tree
stems or main branches will hardly shift, whereas points near instance boundaries
undergo more significant shifts toward the instance centroids.

Subsequently, the edge weight ei j between the i th vertex and the j th vertex of the
graph G is computed as follows:

ei j = ∥v′i −v′j∥2. (5.7)

We apply Dijkstra’s shortest path algorithm to separate individual trees based on
the edge weights obtained from Equation 5.7, enhancing the robustness of tree
segmentation against variations in tree size and shape. In Section 5.4.6, we present
ablative studies on isolating tree instances using shifted 3D coordinates.

5.4. EXPERIMENTS

5.4.1. DATASETS

We test our method on point clouds ranging from urban scenes to forest scenes.
Since our method is primarily designed to segment urban trees from scene-level
urban point clouds. To evaluate its performance, we use TreeML (Yazdi et al., 2024),
a large-scale labeled urban forest point cloud dataset that can be publicly accessed
online. TreeML consists of 40 urban street scenes in Munich captured by MLS
scanners and contains 3,755 trees representing a wide range of sizes and species.
Each tree is measured by the Quantitative Structure Modeling approach, enabling
us to extract GT tree stem points. We use 30 scenes for training, five scenes for
validation, and five scenes for testing.

Meanwhile, we also assess the applicability of our approach to natural forest
scenes using another dataset, ForInstance (Puliti et al., 2023). ForInstance is an ALS
dataset that captures dense forest areas and comprises five collections from diverse
global regions (i.e., Norway, the Czech Republic, Austria, New Zealand, and Australia)
representing varying forest types. It contains both instance-level annotations and
part-level annotations, such as stem and branch. From the publicly available 32
forestry scenes, we use 21 scenes for training and 11 for testing, following the official
benchmark’s recommended split.
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5.4.2. IMPLEMENTATION DETAILS AND HYPERPARAMETERS

We adopt PointMetaBase (H. Lin et al., 2023), an MLP-based approach, as the point
feature learning encoder, as explained in Section 5.3.1.

Since both datasets contain massive points that are challenging for the network to
process directly, we crop the scanned scenes into small patches and use these as the
input to our network. Additionally, PointMetaBase uses a voxel subsampling strategy
to further reduce the number of points. We set the voxelization grid size as 20cm,
which is appropriate for processing large-scale urban scenes (Q. Hu et al., 2021).
Following the original design of PointMetaBase, we employ the cosine learning rate
scheduler with an initial rate of 0.01. The AdamW optimizer is used with a weight
decay of 0.0001. Also, we use several data augmentation techniques, such as adding
jitter noise to point coordinates, randomly rotating points, and randomly dropping
point intensities, to enhance network learning. The network is trained for 50 epochs
with a batch size of 16. We implement stem localization and tree point grouping in
C++. A detailed summary of the hyperparameters used for network training and tree
instance segmentation is given in Table 5.1.

Eq. 5.1 Eq. 5.2 Eq. 5.5 Eq. 5.6 Alg. 1

w1 w2 w3 α λ1 λ2 β ϵz ϵh ϵr

TreeML 2.0 15.0 1.0 10.0 10.0 0.05 3.5 2.0 0.5 0.15

ForInstance 2.0 6.0 3.0 10.0 10.0 0.2 2.5 2.0 0.9 0.1

Table 5.1: Details of network supervision and segmentation hyperparameters. Here,
w1, w2, and w3 represent the semantic weights of crown, stem, and other,
respectively.

5.4.3. COMPARISON AND EVALUATION

We compare our developed method with two open-source approaches TreeSepara-
tion (J. Wang et al., 2018) and TreeLearn (Henrich et al., 2024). TreeSeparation is
a heuristic-based approach that takes the pure tree points as input and performs
layer-wise clustering for tree instance segmentation. For this comparison, we use
the semantic predictions of our approach as input to TreeSeparation. TreeLearn
represents the state-of-the-art in learning-based methods. It takes the scene point
clouds as input and directly generates the tree instance predictions. To ensure a fair
comparison, we use the same input feature (i.e., point intensity) and voxel resolution
and set the same train-test split for both our network and TreeLearn.

To quantitatively assess the tree segmentation performance, we adopt the widely
used Average Precision (AP) metric, which provides a robust measure of model
performance in instance segmentation tasks. AP is computed by deriving the
Precision and Recall values across various confidence thresholds and calculating the
area under the resulting Precision-Recall (PR) curve. Let T P , T N , F P , and F N
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represent the number of true positives, true negatives, false positives, and false
negatives, respectively. The Precision and Recall metrics are formally defined as
follows:

Precision = T P

T P +F P
, (5.8)

Recall = T P

T P +F N
. (5.9)

Precision quantifies the proportion of predicted positive instances that are correctly
classified, whereas Recall measures the proportion of actual positive instances that
are accurately identified by the model. Both metrics are inherently dependent on
a predefined confidence threshold. To mitigate this dependency and provide a
threshold-independent evaluation, the AP metric summarizes model performance
by approximating the area under the PR curve. The general formulation of AP is
defined as follows:

AP =
∫ 1

0
p(r )dr, (5.10)

where r denotes the Recall value and p(r ) is the corresponding Precision at that
Recall level. In practice, the integral is replaced with a finite summation over the set
of discrete, unique Recall values obtained across a range of confidence thresholds,
i.e.,

AP =∑
i

(ri − ri−1) ·pi , (5.11)

where pi and ri are the Precision and Recall at the i th threshold.

Following the common practice (L. Jiang et al., 2020) in 3D instance segmentation
tasks, we report AP scores using IoU thresholds of 25% and 50%, denoted as AP25

and AP50. We also report the overall AP score averaged across IoU thresholds ranging
from 50% to 95% with a step length of 5%.

5.4.4. RESULTS OF URBAN FORESTRY SCENES

In Table 5.2, we present our instance segmentation results achieved on TreeML (Yazdi
et al., 2024) dataset in comparison with TreeSeparation (J. Wang et al., 2018) and
TreeLearn (Henrich et al., 2024). Our proposed SATree achieves the highest scores
across all five test scenes as evaluated by the AP, AP50, and AP25, surpassing the
comparison methods by a large margin. In particular, SATree attains an AP score
exceeding 0.9 in four out of the five scenes. This shows that our method delivers
promising instance segmentation of trees in most urban scenes, highlighting that it is
consistently practical for the tree instance segmentation task in urban environments.
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Scene street name metric TreeSeparation TreeLearn SATree (ours)

2023-01-09 tum campus

AP 0.697 0.685 0.935

AP50 0.815 0.800 0.969

AP25 0.846 0.845 0.985

2023-01-10 47

AP 0.770 0.726 0.869

AP50 0.821 0.786 0.893

AP25 0.927 0.784 0.964

2023-01-12 57

AP 0.905 0.845 0.972

AP50 0.964 0.929 1.000

AP25 0.964 0.929 1.000

2023-01-13 70

AP 0.810 0.684 0.918

AP50 0.924 0.771 0.983

AP25 0.932 0.780 0.983

2023-01-16 44

AP 0.665 0.851 0.981

AP50 0.875 0.918 0.997

AP25 0.944 0.936 1.000

Table 5.2: Tree instance segmentation results on TreeML (Yazdi et al., 2024) with AP,
AP50, and AP25. Compared to the other two methods, i.e., TreeSeparation (J.
Wang et al., 2018) and TreeLearn (Henrich et al., 2024), SATree achieves the
highest scores (in bold), outperforming on all scenes by a large margin.

Figure 5.5 visually compares the segmentation results achieved by TreeSeparation,
TreeLearn, and our method. TreeML captures complex urban street-level
scenes exhibiting massive trees with varying sizes and shapes, which poses
significant challenges for existing methods, resulting in under-segmentation or
over-segmentation. For example, in Figure 5.5 (row 1), three trees with closely
intertwined branches and twigs are erroneously segmented as a single tree by
TreeSeparation and TreeLearn. In contrast, our proposed SATree successfully
identifies and segments the three individual trees. Meanwhile, over-segmentation,
where a single tree is divided into multiple smaller segments, is also common
due to the large volume of tree canopies, which can be observed in rows 2, 4,
and 5 of Figure 5.5. Unlike TreeSeparation and TreeLearn, SATree mitigates most
over-segmentation errors by leveraging its robust stem localization strategy.

We also observe that our method can detect trees of petite sizes, which are
often overlooked by the comparative method TreeLearn (see Figure 5.5 row 3). In
TreeLearn, trees smaller than 10 meters are likely to be misclassified as background
points due to the sparsity of small tree representations in the training dataset.
However, despite using the same training data, SATree can still effectively identify
small trees. This is attributed to SATree’s ability to accurately detect the roots of small
trees, which facilitates follow-up tree instance segmentation. Moreover, our approach
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Ground truth TreeSeparation TreeLearn SATree (ours)

Figure 5.5: Tree instance segmentation results achieved on the TreeML dataset by
applying TreeSeparation (J. Wang et al., 2018), TreeLearn (Henrich et al.,
2024), and our method, respectively. The segmented tree instances are
randomly colored, and the background points are shown in black.

can also be directly integrated with TreeSeparation. Using the semantic predictions
of our approach as input, TreeSeparation also successfully identifies small trees.

5.4.5. RESULTS OF NATURE FORESTRY SCENES

Our approach is primarily designed to address the task of urban tree instance
segmentation. To further assess its applicability to natural forestry environments, we
also evaluate it on the ForInstance (Puliti et al., 2023) dataset.

Table 5.3 reports our performance scores compared against TreeSeparation (J. Wang
et al., 2018) and TreeLearn (Henrich et al., 2024). Overall, our SATree outperforms the
other two methods in most scenes, achieving the highest AP, AP50, and AP25 scores in
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Forest scene name metric TreeSeparation TreeLearn SATree (ours)

CULS

AP 0.922 0.839 1.000

AP50 1.000 0.900 1.000

AP25 1.000 0.900 1.000

NIBIO

AP 0.456 0.647 0.665

AP50 0.604 0.764 0.814

AP25 0.629 0.783 0.857

RMIT

AP 0.348 0.153 0.366

AP50 0.500 0.230 0.541

AP25 0.616 0.343 0.670

SCION

AP 0.354 0.822 0.788

AP50 0.690 0.884 0.907

AP25 0.857 0.884 0.930

TUWIEN

AP 0.162 0.349 0.295

AP50 0.343 0.514 0.486

AP25 0.457 0.627 0.743

Table 5.3: 3D instance segmentation results on ForInstance (Puliti et al., 2023) with
AP, AP50, and AP25 scores. Compared to the other two methods, i.e.,
TreeSeparation (J. Wang et al., 2018) and TreeLearn (Henrich et al., 2024),
SATree achieves the highest scores in three of the five forest scenes.

the forest scenes CULS, NIBIO, and RMIT. Notably, SATree achieves 100% precision
in instance segmentation for the CULS scene. For the SCION and TUWIEN forest
scenes, TreeLearn achieves the highest overall AP score. Nevertheless, the proposed
SATree outperforms TreeLearn in AP50 and AP25, demonstrating its robustness across
different evaluation metrics.

Figure 5.6 visually compares the tree instance segmentation results achieved by
TreeSeparation, TreeLearn, and our proposed SATree. As in TreeML, SATree reduces
under-segmentation and over-segmentation errors, outperforming the other two
methods. In the CULS scene (Figure 5.6, the first row), SATree avoids segmenting
a single tree crown into multiple sub-trees. In the scenes of NIBIO (Figure 5.6
row 2) and RMIT (Figure 5.6 row 3), SATree successfully detects the trees ignored
by other methods, demonstrating the robustness of its stem localization strategy.
For the TUWIEN (Figure 5.6 row 5) scene, SATree generates segmentation outputs
closely aligned with the GT. However, despite this visual alignment, the reported AP
scores of SATree are lower than those of TreeLearn. This discrepancy arises because
our method segments bushes as individual trees, while GT labels annotate them as
background points. This results in more false positives and thus leads to a decrease
in the final AP score.
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Ground truth TreeSeparation TreeLearn SATree (ours)

Figure 5.6: Tree instance segmentation results achieved on the ForInstance dataset
by applying TreeSeparation (J. Wang et al., 2018), TreeLearn (Henrich
et al., 2024), and SATree, respectively. The five forest scenes (CULS,
NIBIO, RMIT, SCION, and TUWIEN) are shown from top to bottom.
We use randomized colors to visualize segmented tree instances, while
background points are shown in black.

In SCION, SATree does not perform as well as TreeLearn in terms of both
quantitative measures (Table 5.3) and qualitative results (Figure 5.6 row 4). It is
observed that for coniferous trees, although SATree can correctly localize individual
trees by detecting their stems, it struggles to delineate tree instance boundaries when
they are too closely spaced. This is because the adopted shortest-path algorithm
struggles to separate closely adjacent trees, even with guidance from the learned
offset embeddings. Therefore, the resulting tree segmentation boundaries are noisier
than TreeLearn’s. Overall, our method achieves comparable or superior results to
other existing methods specifically designed for natural forest scenes, indicating its
potential for such application scenarios.
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5.4.6. ABLATION STUDIES

In our pipeline, we introduce several novel strategies to enhance accurate tree
instance segmentation: (1) Predicting a Gaussian heatmap in the network that
benefits stem extraction, as illustrated in Section 5.3.1; (2) Detecting local maxima
from the heat distribution to robustly recognize tree stems from cluster candidates,
as explained in Section 5.3.2; (3) Grouping tree points into distinct instances using
shifted coordinates instead of raw coordinates to better delineate tree boundaries, as
detailed in Section 5.3.3 (Equation 5.6).

We perform ablative studies to verify the effectiveness of the proposed strategies.
We use the 2023-01-09 tum campus test scene from TreeML for our ablation studies,
given its challenges including dense tree overlaps and significant variations in tree
sizes. Thus, performance in this scene provides a substantial measure of our
proposed strategies. Table 5.4 summarizes the results.

Test scene metric w/o
heatmap

w/o local
maxima

w/o
shifting

SATree

2023-01-09 tum campus

AP 0.831 0.892 0.713 0.935

AP50 0.892 0.923 0.862 0.969

AP25 0.938 0.938 0.969 0.985

Table 5.4: Ablative results achieved by omitting the following key components:
heatmap prediction (Section 5.3.1), local maxima identification for stem
extraction (Section 5.3.2), and using shifted coordinates for tree point
grouping (Section 5.3.3, Equation 5.6).

HEATMAP PREDICTION

To assess the effectiveness of heatmap prediction for tree instance segmentation,
we remove this branch from the network along with the supervision term Lh in
Equation 5.5. Additionally, we remove the heat value-related criteria from Algorithm 1
and solely rely on the geometrical criterion for stem extraction. In the absence of
heat value predictions, Equation 5.6 is modified accordingly to

v′i = vi +di, (5.12)

where we use the magnitude of the predicted offset vector d to determine the
extent of shifting. As shown in Table 5.4, adding the heatmap prediction task
results in improved performance, achieving an increase of 0.104 in AP, 0.077 in AP50,
and 0.047 in AP25. Figure 5.7 presents the visual comparison between the results
obtained without and with the heatmap prediction branch. These results suggest
that heatmap prediction enhances stem localization accuracy and yields cleaner
instance segmentation of trees.
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GT instances without heatmap prediction with heatmap prediction

Figure 5.7: Visual comparison of the results achieved with and without adopting the
heatmap prediction task in the network.

GT instances without local maxima detection with local maxima detection

Figure 5.8: Visual comparison of the results achieved with and without using the
local maxima of the heatmap distribution for stem identification.

STEM EXTRACTION BY DETECTING LOCAL MAXIMA

In Section 5.3.2, we refine the stem localization by detecting whether a stem
candidate location is a local maximum within the heat distribution. To verify the
effectiveness of this strategy, we remove the detection of local maxima and instead
only use the heat value threshold to select stems from cluster candidates. Table 5.4
shows that without the local maxima detection, performance scores drop 0.043 in
AP, 0.046 in AP50, and 0.047 in AP25. The main reason is that detecting local maxima
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helps to recognize small trees with thin stem structures, which are often overlooked
when using heat value thresholds alone.

Figure 5.8 illustrates that the absence of local maxima detection leads to poor
segmentation of small trees, either merging them with nearby trees or labeling them
as background noise. In contrast, including the local maxima detection significantly
enhances performance by reliably identifying most of the smaller trees.

TREE POINT GROUPING WITH SHIFTED COORDINATES

Constructing a forest graph and applying the shortest-path algorithm to isolate
single trees have been explored in a few studies (Livny et al., 2010; Tao et al., 2015).
Nevertheless, these methods primarily assign tree points to instance roots based on
their spatial proxies in the 3D Euclidean space. Different from that, we shift the raw
coordinates of 3D tree points using the learned offset embeddings and segment tree
instances in the shifted 3D space.

GT instances raw coordinate grouping shifted coordinate grouping 

Figure 5.9: Visual comparison of the results achieved using raw coordinates or using
shifted coordinates in the tree point grouping.

In Table 5.4, we compare the results obtained by grouping tree points based on
their raw coordinates versus the results achieved using shifted coordinates. Without
using shifted coordinates for tree point grouping, performance scores decrease 0.222
in AP, 0.107 in AP50, and 0.016 in AP25. Specifically, compared to the other ablation
experiments, this configuration achieves a higher AP25 score but lower scores in
AP50 and AP. The reason is that grouping tree points using raw coordinates does not
impact the stem extraction process. Tree stems could still be accurately localized,
leading to a high AP25 score. However, it fails to segment regions near tree
boundaries, particularly in scenarios with significant overlap between tree branches,
thus resulting in poorer performances in AP and AP50. The visual comparison
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presented in Figure 5.9 shows that grouping tree points with raw coordinates
fails to preserve tree boundaries, especially when nearby trees exhibit varying
sizes. As a result, points from an enormous tree are likely to be assigned to a
smaller neighboring tree. In contrast, grouping tree points with shifted coordinates
significantly prevents such errors and obtains more natural tree instance boundaries.

5.4.7. LIMITATIONS

Our SATree demonstrates high-fidelity tree instance segmentation in complex urban
environments by leveraging detected tree structures, such as stems. However, it still
suffers from three primary limitations.

First, the proposed SATree assumes that tree stems are captured with high
data quality. When significant portions of stems are missing or trunk points are
excessively sparse, our method may fail to segment tree instances. Second, SATree
may encounter difficulties in accurately delineating tree boundaries for certain forest
types such as coniferous forests, as illustrated in Figure 5.6 (row 4). This is because
the adopted shortest-path algorithm may struggle to separate densely connected
coniferous trees. Last, our method is not designed for end-to-end training. The
second stage of the framework, tree point grouping, lacks direct supervision with GT
tree instance labels. Integrating a trainable module for tree instance isolation could
enhance segmentation performance by leveraging additional network supervision.

5.4.8. POTENTIAL APPLICATIONS

Our method produces accurately segmented 3D tree instances in urban environments,
which are beneficial for various forestry-related applications such as 3D vegetation
reconstruction, measuring tree heights and crown volumes, biomass estimation, and
more. In addition, our method also learns to generate Gaussian heatmaps for
urban trees, where high heat values indicate tree stems or main branch structures
and low heat values are associated with small twigs near tree instance boundaries.
This characteristic of the heatmaps suggests their potential utility in part-level
segmentation of trees. Another by-product of our method is the generated MST
graphs in the tree point grouping process, as explained in Section 5.3.3. These
MSTs approximate the skeletal structures of the tree instances and can offer valuable
information for reconstructing 3D forest structures from raw input data.

5.5. CONCLUSIONS

In this chapter, we have proposed a novel deep learning-based framework for
instance segmentation of trees from LiDAR point clouds. The core innovation of
our method lies in leveraging key structural features, such as stems and crowns,
to segment individual trees. To achieve this, we developed a multi-task learning
network that simultaneously classifies tree crown points and tree stem points.
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Additionally, we introduced heatmap prediction and offset prediction tasks to guide
the tree instance segmentation. Key strategies, such as localizing stems by detecting
local maxima in the heatmap and grouping tree points via shifted coordinates,
proved effective for accurate tree segmentation. Extensive experiments on two public
forestry datasets demonstrated the superiority of our method over state-of-the-art
methods. Notably, our method showed strong performance in segmenting trees in
large urban street-level scenes and generalized well to natural forest environments,
achieving comparable or superior results compared to existing approaches.

For recommendations of future work, researchers may consider integrating the
instance segmentation module as a trainable component, enabling end-to-end
supervision. Additionally, developing an adaptive strategy to automatically determine
optimal hyperparameters for specific datasets can also enhance the usability and
versatility of the proposed SATree approach.



6
CONFIDENCE-BASED ONLINE

LEARNING FOR REAL-WORLD POINT

CLOUDS

From Chapter 3 to Chapter 5, we have explored fully supervised methods for
3D semantic segmentation and instance segmentation from point clouds. Despite
advancements in these methods, accurately processing and interpreting real-world
datasets remains a critical challenge due to inevitable data outliers, uncertainties,
and annotation errors. This chapter investigates a confidence-based deep learning
framework to improve the classification accuracy of real-world point cloud data.
By incorporating multi-source information, such as aerial imagery, and embedding
geospatial prior knowledge, this framework models data uncertainty through point-
wise confidence scores, which allows the network to refine both its predictions and
the quality of training labels via iterative online learning. Extensive experiments on
large-scale airborne LiDAR data, i.e., Dutch AHN dataset (AHN, 2025), demonstrate
that the proposed method effectively enhances training data by reducing label noise
and improving annotation quality, thereby leading to more robust and generalizable
model performance.

This chapter is based on the MSc Thesis in Geomatics at the TU Delft titled “A Confidence-aware
Deep Learning Framework for Refining Laser-scanned Point Cloud Classification” by Madanu (2024)
and the paper: Sharath Chandra Madanu*, Shenglan Du*, Jantien Stoter, Daan van der Heide.
RefineNet: a Confidence-aware Deep Online Learning Framework to Refine Real-world Point Cloud
Semantic Segmentation. 2026 ISPRS Congress. * denotes equal contribution. As the first supervisor
of the MSc thesis, I contributed to identifying the research problem, designing the methodology,
providing code support, and writing.
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6.1. INTRODUCTION

Point cloud data has become a critical source of geospatial information, supporting a
wide range of downstream applications, as discussed in previous chapters. Analyzing
and interpreting such 3D data is increasingly driving innovation not only in academic
research, but also in industry practice (Biljecki et al., 2015). A prominent example
is the Actueel Hoogtebestand Nederland (AHN) dataset (AHN, 2025), the nationwide
airborne LiDAR point cloud resource that captures high-resolution elevation and
topographic information across the Netherlands. It has been regularly updated and
extensively utilized in applications such as the creation of DTM and DSM models,
urban structure reconstruction, and hydrological and water resource management.
Figure 6.1 presents representative examples of DSMs, DTMs, and reconstructed 3D
building models derived from AHN point cloud data.

(a) DTM (b) DSM (c) 3D BAG

Figure 6.1: Representative downstream applications of ALS point clouds.1

However, unlike the research-oriented datasets used in previous Chapters 3 and 4
such as S3DIS (Armeni et al., 2016) and SensatUrban (Q. Hu et al., 2021), real-world
point cloud datasets usually exhibit inherent data quality issues, including noise,
outliers, and annotation inconsistencies. Such errors can compromise the reliability
of data interpretation and substantially degrade the quality of derived geospatial
products. Moreover, such errors can propagate through subsequent analyses,
potentially resulting in misleading outcomes in applications such as urban fluid
dynamics and hydrological modeling. For instance, misclassification of ground
points as part of building structures can distort the generation of DTM maps,
leading to erroneous ground surface representations within building footprints, as
demonstrated in Figure 6.2.

Semantic segmentation of point clouds initially relied on manual annotation and
human supervision. Various AI-based techniques have been developed to automate
this process. In particular, deep learning methods have demonstrated significant

1Images are sourced from online.
DTM and DSM: https://viewer.ahn.nl/AHN4/DTM/0/6.5465/52.26738/3
3D BAG: https://3dbag.nl/en/viewer

https://viewer.ahn.nl/AHN4/DTM/0/6.5465/52.26738/3
https://3dbag.nl/en/viewer
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(a) Colored point clouds (b) ALS misclassification (c) Reconstruction results

Figure 6.2: Misclassification of bridge points as building points leads to urban
reconstruction errors. These colors are used to render the ALS point
cloud classification code: for building, for civil structure, for water,
and for others.

advantages over classical machine learning methods by eliminating the need for
manual feature engineering. Chapter 2 has provided a comprehensive overview
of deep learning-based methods for point cloud classification and segmentation,
including network architectures based on MLPs, convolutions, and transformers.

Despite these advancements, deep learning models remain vulnerable to data
quality issues, with model performance heavily dependent on the quality of the
input data. High-quality inputs generally lead to accurate predictions, whereas
noisy data can substantially affect or downgrade the performance. Although several
data-efficient strategies have been introduced to address data quality and scarcity
issues, many rely on complex architectures, such as Generative Adversarial Networks
(GANs) (H. Li et al., 2021), and require extensive training procedures. This
underscores the need for a more straightforward yet practical approach to enhance
model performance, particularly in correcting misclassifications within point cloud
data.

This chapter proposes an online learning framework that integrates a confidence-
based training label updating strategy to refine point cloud classification on
real-world datasets with low-quality annotations. By incorporating geospatial
knowledge as priors, our method assigns a point-wise confidence score to assess the
reliability of each training point label. These scores are then used to dynamically
guide the training process: high-confidence samples are prioritized for learning,
while low-confidence samples are iteratively refined. This strategy enhances both
the quality of the training data and the segmentation performance of the model.
Overall, the proposed approach aims to address the limitations of existing techniques
by providing a straightforward yet effective solution that improves segmentation
accuracy without the increased computational complexity associated with more
sophisticated architectures.

We summarize our key contributions as follows:
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• We introduce a confidence estimation strategy that assesses the reliability
of existing semantic labels by leveraging local semantic consistency and
incorporating geometric priors from supplementary data sources such as aerial
imagery.

• We propose an online learning framework integrated with a label refinement
mechanism, which dynamically selects high-confidence samples for training
and iteratively updates labels of low-quality samples. This process enhances
both the performance and robustness of the deep learning model.

6.2. RELATED WORK

While many deep learning approaches for 3D point cloud classification and
segmentation are fully supervised and depend on high-quality annotated data, this
section focuses on data-efficient techniques designed to cope with data with limited
or low-quality annotations.

The first research direction focuses on transfer learning, where knowledge
acquired from a source dataset is leveraged to enhance classification or recognition
performance in a target domain. Tobin et al. (2017) proposed a domain
randomization technique to transfer the knowledge learned from 2D simulated
images to real-world object detection tasks. This simulation-to-reality strategy
was later extended to 3D point cloud data (C. Wu et al., 2023), where synthetic
point clouds are generated to improve segmentation performance on real-world 3D
scenes. Similarly, Xiao et al. (2022) introduced SynLiDAR, a large-scale synthetic
LiDAR dataset collected from diverse virtual environments with varying scene
configurations. Then, a point-cloud translator was developed to mitigate the domain
discrepancy between synthetic and real-world data. More recently, Biehler et al.
(2023) proposed PLURAL, a co-training framework for point cloud transfer learning
that leverages contrastive instance alignment and extensive data augmentations to
bridge domain gaps and improve generalization.

The second line of research is semi- and weakly supervised learning, which
seeks to perform 3D semantic segmentation using fewer point labels to train deep
neural networks. Wei et al. (2020) introduced a multi-path region mining strategy
combined with the class activation mapping technique (B. Zhou et al., 2016) to
generate pseudo point-level labels, which are subsequently used to train the point
cloud segmentation network in a fully supervised manner. Building on the idea of
enhancing sparse annotations, Q. Hu et al. (2022) proposed the Semantic Query
Network, which implicitly augments sparse supervision signals by querying and
summarizing features from neighboring points, based on the assumption that nearby
points share similar semantic information. In contrast, Pan et al. (2024) developed a
label recommendation network that explicitly learns to provide recommendations for
points to be labeled and perform point cloud semantic segmentation. Meanwhile,
several studies have explored using self-supervised pre-training techniques to
fine-tune networks on the target 3D dataset with limited annotations (Hou et al.,
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2021; C. Sharma & Kaul, 2020; Z. Zhang et al., 2021).

Furthermore, under the domain of semi-supervised learning, several research
works have investigated strategies such as active learning (Settles, 2012) and
self-training (Amini et al., 2025) to effectively utilize both labeled and unlabeled data
for enhanced model performance. Shi et al. (2021) introduced an active learning
method based on superpoint set selection to optimize the model performance given
limited annotation budgets. In a complementary direction, P. Wang and Yao (2022)
designed an online pseudo-labeling framework in combination with a semantic
consistency constraint, which provides additional supervisory signals to improve the
robustness of point cloud segmentation under incomplete labels. H. Li et al.
(2021) also employed unlabeled point samples and a pseudo-labeling mechanism
for training. Nevertheless, this approach incorporates and trains a separate GAN
architecture to pick more reliable label predictions from unlabeled point clouds.

Our approach shares conceptual similarities with the work of H. Li et al. (2021),
which also incorporates pseudo-labeling and online learning techniques. However,
our method differs in two key aspects. First, we explicitly leverage geospatial
knowledge priors derived from auxiliary data sources, i.e., aerial imagery, to efficiently
assess the reliability of training point labels. Second, our framework is unified,
lightweight, and end-to-end trainable, without requiring the integration of multiple
networks and extensive training cycles.

6.3. METHOD

Our objective is to develop an online learning framework tailored to real-world
point cloud datasets, which often contain noise, outliers, and annotation artifacts.
By integrating heuristic priors such as local semantic consistency and geospatial
context, we estimate point-wise confidence scores that assess the reliability of
individual training labels. These confidence scores are then utilized to guide
the learning process, enabling the network to prioritize more trustworthy labels
while simultaneously refining low-confidence annotations. Furthermore, due to the
significant imbalance in point sample distributions across categories in real-world
scenes, we propose to use a class-balanced loss function to supervise the network.

6.3.1. CONFIDENCE MEASUREMENT

Confidence quantifies the reliability of a point’s label. It ranges from zero to one, with
lower values suggesting reduced trust in the correctness of the current classification
and higher values representing greater certainty. However, it is essential to note that
these point-wise confidence scores provide only an approximate indication of label
reliability and should not be regarded as definitive measures of labeling accuracy.

We measure confidence levels of training point labels using a two-step process:

• Initial confidence scores are assigned to each point based on local semantic
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consistency within its spherical neighborhood;

• These scores are subsequently refined using auxiliary geospatial priors,
including building footprint data and vegetation indices such as Normalized
Difference Vegetation Index (NDVI) (DeFries & Townshend, 1994), derived from
aerial imagery and DSM maps.

LOCAL SEMANTIC CONSISTENCY

Local semantic consistency measures the percentage of neighboring points that
share the same semantic label as a given point, assuming that spatially proximate
points tend to exhibit similar semantic characteristics. For each point i , we locate
its spherical neighborhood within a radius of r . The local semantic consistency is
then computed as an initial confidence score ci , according to the following formula:

ci =
{ N j

Ni
if Ni ≥ Nmi n

0 otherwise
, (6.1)

where Ni is the total number of neighboring points within the spherical neighborhood
of the i th point, and N j represents the number of neighboring points that share the
same classification label as the point i .

A user-defined threshold Nmi n is introduced to ensure a minimum neighborhood
density, thereby reducing the influence of outliers by assigning a confidence score
of zero to points with insufficient local support. We empirically set Nmi n = 5 in all
experiments. As discussed in Section 6.4.6, we evaluate the impact of varying Nmi n

and find that a threshold of 5 achieves an effective trade-off between neighborhood
density and robustness to noise, minimizing the risk of assigning high confidence to
sparsely supported or potentially mislabeled points.

GEOSPATIAL PRIORS

With the availability of auxiliary data sources, such as aerial images, and the use of
geospatial knowledge priors, we can further refine point-wise confidence scores for
specific urban object categories.

This section focuses on urban buildings, which constitute a dominant and
structurally significant class in urban scene environments. Moreover, in ALS datasets,
building facades and walls often exhibit sparse point densities due to sensor
limitations, including flight altitude and scanner orientation. As a result, points on
building facades and walls tend to have low confidence scores. Given that facades
and walls are key components of a building’s structural representation, it is essential
to improve the confidence estimation for these regions.

Our first step is to extract building footprints from open-source DSMs and aerial
ortho-imagery. Then, by projecting 3D points onto the obtained building footprints,
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Aerial image DSM

NDVI

Polygonization Erosion & dilation

DSM > 2m

Buildings in Red

NDVI < 0.3

Mean NDVI

0.95-1.0

41.7-7.5

0.95-1.0

Figure 6.3: Buildings footprint extraction from open-source aerial imagery and DSMs.
The mean NDVI is computed as the average NDVI value of all pixels
within each extracted polygonal footprint.

confidence scores of the relevant building points, particularly those on facades, can
be enhanced. Figure 6.3 illustrates the building footprint extraction process.

Our building footprint extraction procedure is outlined as follows:

1. Height filtering and polygonization. We binarize the input DSM map based
on a height threshold ϵh , where pixels with elevation above ϵh are assigned a
value of 1 and others are set to 0. The resulting binary mask is then converted
into polygonal shapes, mostly containing elevated urban structures such as
buildings and trees.

2. Erosion and dilation. We apply morphological operations, including erosion
and dilation, to smooth polygon boundaries and remove noise.

3. NDVI filtering. NDVI is a well-established indicator of vegetative cover, which
we can use to distinguish buildings from trees. We derive the NDVI map from
the RGB aerial imagery following DeFries and Townshend (1994). For each
candidate polygon, the mean NDVI is computed by averaging the NDVI values
of all its enclosed pixels. Polygons with mean NDVI values below a predefined
threshold ϵv are considered building footprints.

Having obtained the building footprint data, we project 3D points onto 2D building
footprint polygons, enhancing the confidence scores of points corresponding to
buildings to 1.0, emphasizing facade regions.
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An alternative strategy is to use third-party building footprints resources, such
as Basisregistratie Adressen en Gebouwen (BAG) data (BAG, 2025), which are also
derived from AHN4 point clouds. However, experimental results suggest that our
extraction method achieves comparable or even superior performance. As illustrated
in Section 6.4.7, in some areas our extracted footprints can capture buildings that
are missed in 2D BAG due to annotation errors of the point cloud data.

6.3.2. ONLINE LEARNING

The input to our network is a LiDAR point cloud, which may contain label annotation
errors, along with pre-computed point-wise confidence scores. For point feature
learning, we adopt KP-Conv (Thomas et al., 2019) as the backbone network. While
the proposed approach is compatible with various backbone architectures such as
MLP-based networks (H. Lin et al., 2023; Qian et al., 2022) and transformer-based
networks (Lai et al., 2022; X. Wu et al., 2024; H. Zhao et al., 2021), we opt for
KP-Conv given its balance between computational efficiency and representational
effectiveness. Our primary focus is to investigate the impact of online learning
strategies on refining real-world point cloud classification, rather than to identify the
optimal deep learning architecture.

We start the network training using only point samples with high confidence scores.
Following this initial training phase, the model is then used to make predictions for
all points within the point cloud, resulting in per-point class probability estimates.
Predictions with high probabilities overwrite the original annotation labels, forming
new labels referred to as pseudo-labels. These pseudo-labels are integrated into
the training set for model training in the next iteration. Given input data with
outliers and low-quality annotations, the proposed online learning strategy enables
the network to iteratively correct mislabeled samples and simultaneously improve
the point-wise confidence scores. This approach yields two primary outcomes: (i)
a refined and cleaned point cloud dataset with a significantly reduced number of
low-confidence samples; (ii) a robustly trained network capable of accurate semantic
classification, even in the presence of noisy or unreliable labels. The detailed steps
of the online learning process are presented in Algorithm 2.

Our online learning strategy shares some similarities with the self-training approach
proposed by H. Li et al. (2021). In their study, a limited set of labeled training
data is augmented through GANs, which involves extensively training two networks,
i.e., a segmentation network for predicting point semantics and a discriminator
network assessing the quality of those predictions. While effective, such a framework
can be computationally intensive. In contrast, our method employs a single
network and leverages prior geospatial knowledge during preprocessing to generate
point-wise confidence scores. This design choice eliminates the need for extra
network components and additional training, thereby reducing computational costs
and resulting in a more efficient and lightweight training pipeline.
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Algorithm 2: Online learning on point clouds

Input: input point cloud X and confidence map C
Output: a trained network f (e) and an updated dataset XU

1 Initialization: e ← 0, XU ←;, user-defined thresholds c1,c2,e1,e2,
c1 < c2, e1 < e2

2 Segragate X into over- and under- confident point sets XO and XU ,
XO ← {xi ∈ X | ci ≥ c1}
XU ← {xi ∈ X | ci < c1}

3 repeat
4 Train f (e) on XO ∪ XU
5 if e ≥ e1 then
6 Πe ← {xi ∈ XU , Φy (xi, f (e))} // Φy (·, ·) denotes pseudo-labeling
7 For Πe , obtain the network softmax probability map P
8 Xe ← {xi | (xi, ỹi ) ∈Πe ∧pi ≥ c2}
9 XU ← XU ∪ Xe

10 XU ← XU \ Xe

11 e ← e +1
12 end
13 until e ≥ e2 or XU =;;

6.3.3. CLASS-BALANCED SUPERVISION

Class imbalance is a common challenge in urban scene understanding, where a few
dominant categories significantly outnumber the rest. For instance, most points in
urban environments belong to road, building, and vegetation, whereas the point
count of other classes is substantially lower. This imbalance limits the model’s ability
to learn discriminative features across all classes, as the network supervisory loss is
overly exposed to only a few major categories (T.-Y. Lin et al., 2017).

To address the issue of class imbalance, we employ a weighted cross-entropy loss
function, which is defined as follows:

L =−
N∑

i=1
wk log pk

i , (6.2)

where N is the total number of points, k is the GT semantic label of the i th point,
pk

i is the predicted probability of the i th point belonging to its GT category that can
be obtained from the network softmax layer. wk is the weight of the class k and is
computed based on the inverse of its relative frequency in the dataset, i.e.,

wk = 3

√
Nmax

Nk
. (6.3)
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where Nk is the number of points of the class k, and Nmax represents the point
count of the class with the highest frequency.

6.4. EXPERIMENTS

6.4.1. DATASET

We use AHN (AHN, 2025), a nationwide ALS point cloud data covering the
Netherlands. This open-access resource has been extensively employed in both
research and industrial applications. Specifically, we use the AHN4 version. The
dataset comprises six semantic classes: ground, building, water, civil structure,
high-tension, and other, with vegetation currently categorized under the other class.
Standard point cloud attributes, such as intensity, are included in the dataset.
Although color information is not present in the raw AHN data, it has been
post-processed and enriched using publicly available aerial imagery 2.

Due to hardware limitations with processing large-scale point cloud data, the
dataset is partitioned into smaller tiles, each measuring 0.25 × 0.3125 km, with a
10-meter overlap between adjacent tiles to mitigate edge effects. For the experiments,
52 tiles are used for training and 8 tiles for testing. Table 6.1 summarizes the
distribution of point counts per class in both the training and testing sets, where we
have observed a significant class imbalance.

Total ground building water civil. high-tension other

Train 402.611M 215.135M 66.535M 16.900M 1.126M 0.048M 102.866M

Test 71.071M 37.245M 5.804M 10.382M 0.034M 0.001M 17.606M

Table 6.1: Distribution of point counts across all the classes in the training and
testing sets.

6.4.2. IMPLEMENTATION DETAILS AND HYPERPARAMETERS

We adopt KP-Conv (Thomas et al., 2019) as the backbone network for point-wise
feature learning. KP-Conv uses a voxel subsampling strategy to reduce the number
of input points. We set the voxelization grid size as 20cm (Q. Hu et al., 2021), and
the number of kernels as 15. The network is trained for 300 epochs using a batch
size of 6, with the initial learning rate set to 0.01.

Table 6.2 presents the hyperparameters we use in the experiments. For the
confidence measuring (Section 6.3.1), most hyperparameter values are determined
based on geometric priors commonly observed in urban environments. For instance,
the spherical neighborhood radius is set to r = 0.5m, a value that encompasses the

2The colorized AHN point cloud can be accessed at: https://geotiles.citg.tudelft.nl/

https://geotiles.citg.tudelft.nl/
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spatial extent of urban objects while ensuring a sufficient number of neighboring
points for local analysis. The height threshold ϵh = 2.0m and NDVI threshold ϵv = 0.3
are selected to effectively distinguish buildings from other urban structures such as
vegetation. For the online learning (Section 6.3.2), we set high confidence thresholds
to ensure that only the most reliable point samples are used for model updates.
Additionally, we set the warm-up period to 150 epochs to allow the network to reach
a partially converged state before introducing the online learning mechanism.

Confidence measurement (Setion 6.3.1) Online learning (Section 6.3.2)

r Nmi n ϵh ϵv c1 c2 e1 e2

0.5 5 2.0 0.3 0.9 0.99 150 300

Table 6.2: Details of hyperparameters.

6.4.3. QUANTITATIVE RESULTS

To examine the effectiveness of the proposed online learning mechanism for
refining point cloud segmentation, we compare its performance against the baseline
KP-Conv backbone network (Thomas et al., 2019). Both models are trained using
a class-balanced loss function, as detailed in Section 6.3.3. To ensure a fair
comparison, identical hyperparameters and training configurations are applied to
both networks. We evaluate the segmentation performance using standard metrics,
including OA, mIoU, and per-category IoU scores, as described in Section 3.4.3. Due
to the high variations in network training, each experimental setup is repeated three
times, and the average scores are reported.

Method OA(%) mIoU(%) other ground building water high. civil.

Baseline 94.8 63.8 86.6 94.8 73.5 98.1 27.4 2.6

+ Online 95.1 65.0 85.4 94.8 75.4 98.4 30.4 5.7

Table 6.3: Segmentation results achieved using height and intensity as input features.
OA (%), mIoU (%), and per-category IoU scores are reported. We average
scores over three training runs to account for network performance
variations.

Table 6.3 presents the segmentation performance of the baseline network and
its counterpart network augmented with the online learning mechanism, both
utilizing height and intensity as input features. The enhanced model demonstrates
improved performance over the baseline, achieving gains of 0.3% in OA and 1.2% in
mIoU. Among the six categories, five exhibit superior or comparable performance,
revealing that our proposed method effectively facilitates network feature learning
by prioritizing high-confidence samples during training. In particular, substantial
performance improvements are observed in two minority classes, high-tension and
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civil structure. This indicates the method’s ability to handle underrepresented
classes. However, for the other category, we observe a performance decline of 1.2%
mIoU. This is likely attributed to the fact that the other class is dominated by
vegetation points, which tend to receive lower confidence scores due to their sparse
and irregular spatial distribution. As a result, fewer point samples from other are
incorporated during training, leading to a decreased segmentation performance.

As described in Section 6.4.1, the raw AHN data have been post-processed and
enriched with color information by aligning the original point clouds with publicly
available aerial imagery. To further analyze the impact of this supplementary
color information on the network’s performance, we incorporate color channels as
additional input features. Table 6.4 reports the performance results for both the
baseline network and the network enhanced with the proposed online learning
mechanism, trained using the combined height, intensity, and color features.

Method OA(%) mIoU(%) other ground building water high. civil.

Baseline 94.8 66.9↑ 87.2↑ 94.5↓ 75.8↑ 96.5↓ 44.5↑ 2.7↑
+ Online 93.9↓ 61.5↓ 85.3↓ 94.2↓ 66.0↓ 95.4↓ 25.6↓ 2.4↓

Table 6.4: Segmentation results achieved using height, intensity, and supplementary
color information as input features. OA (%), mIoU (%), and per-category
IoU scores are reported. We average scores over three training runs
to account for network performance variations. We use ↑ to indicate
performance improvements compared to the same model trained using
only height and intensity features (Table 6.3), and ↓ for performance
degradations.

When incorporating supplementary color information as the network input
features, our online-learning enhanced network performs worse than the baseline
across all metrics. Moreover, while the addition of color features leads to an overall
improvement in the baseline network’s performance compared to using only height
and intensity, it results in a significant performance degradation for the online
learning–enhanced network among all six categories.

This observation illustrates one of the significant limitations in our proposed
online learning mechanism: Our method strongly depends on the quality of input
features. As the color information is derived from aerial imagery, it may contain
artifacts resulting from factors such as occlusion or misalignment. The online
learning approach is particularly sensitive to such artifacts and imperfections, as
it selectively utilizes only a subset of high-confidence points for training, rather
than leveraging the entire point cloud. Consequently, these wrong visual cues from
supplementary colors can significantly influence the learning process and degrade
overall performance.
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Input point clouds Annotations Baseline results Our results

Figure 6.4: Qualitative results achieved on the AHN dataset (AHN, 2025), using
height and intensity as input features. Since AHN is a real-world dataset,
its annotations may contain noise and errors. Our improvements are
highlighted with black-dotted boxes. Minor segmentation noise in some
local regions is marked by black-dotted circles.

6.4.4. QUALITATIVE RESULTS

Figure 6.4 presents our qualitative results achieved on the AHN dataset, with
the model trained using only the height and intensity features. Figure 6.5
presents qualitative results achieved using height, intensity, and supplementary color
information as input features. We use the same color schemes to render the scenes
in both figures: for building, for ground, for high-tension, for water, for
civil structure, and for other.

When trained with height and intensity features (Figure 6.4), our method
consistently outperforms the baseline by reducing segmentation errors. We can
also detect urban objects, such as grasslands and bridges, with improved geometric
completeness. This performance gain is attributed to our proposed online learning
mechanism, which selects only the high-confidence samples to participate in network
training, enhancing the robustness and discriminative capacity of the learned feature
representations. It is noteworthy that real-world datasets often contain annotation
inaccuracies. For example, in the third row of Figure 6.4, all building points are
incorrectly labeled as other. In this scene, our method successfully classifies a greater
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Input point clouds Annotations Baseline results Our results

Figure 6.5: Qualitative results achieved on the AHN dataset (AHN, 2025), using
height, intensity, and supplementary color as input features. Black-dotted
circles highlight our segmentation deficiencies, and black-dotted boxes
show regions of improvement.

number of building points, showing its potential to correct misclassification errors
and address annotation artifacts in practical applications.

When trained using height, intensity, and supplementary color features (Figure 6.5),
our method performs inferior to the baseline. This is due to the low-quality color
features, which often arise from occlusion and misalignment between point clouds
and aerial imagery. Our approach is more sensitive to low-quality features, since it
takes only a subset of points in network training. For example, in the top row, water
points are partially occluded by trees, leading to misclassification of water as ground.
In the third row, our method failed to correctly classify greenhouse structures, as
the color characteristics misled the network into assigning the other label instead of
building. However, in certain scenes (row 4), our method can generate smoother
and more coherent segmentation results.

6.4.5. LABEL REFINEMENT ON TRAINING DATA

Given good input features, our proposed online learning mechanism enhances
the robustness and generalizability of the network by dynamically selecting
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Training points Raw annotations Updated annotations

Figure 6.6: Label updates and refinements of the training data with the online
learning mechanism.

high-confidence point samples during training. Meanwhile, a natural byproduct of
this approach is a cleaned training dataset with annotations progressively refined by
pseudo-labels. As detailed in Algorithm 2, when the network makes high-confidence
predictions on the set XU , these new predictions serve as pseudo-labels and
gradually replace the original labels. Through this iterative process of updating
both the network parameters and the training labels, our online learning framework
effectively mitigates label noise, reduces the influence of outliers, and corrects
annotation inconsistencies within the dataset.

Figure 6.6 presents representative examples of label refinements in the training set.
In the raw data, there are two major types of annotation errors. First, ground points
are often annotated inconsistently and exhibit label noise. Second, many building
points are erroneously labeled as other, as also demonstrated in row 3 of Figure 6.4.
Our online learning framework can effectively address these issues by mitigating
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the noise and outliers in the ground points and correcting misannotations in the
building category, which helps us to improve the overall quality of the dataset.

6.4.6. POINT DENSITY ANALYSIS

To compute point-wise confidence scores based on local semantic consistency
(Section 6.3.1, Equation 6.1), we set Nmi n = 5 to ensure a minimum neighborhood
density. In this section, we provide point cloud density analysis to empirically
validate our hyperparameter choice.

Figure 6.7 shows the histogram of the point count distribution within a spherical
neighborhood of 0.5m, obtained from the training set. The neighboring point counts
vary significantly. While most neighborhoods contain between 15 and 30 points, a
substantial proportion still falls within the 1–10 point range, indicating that relatively
sparse local regions are common in the dataset. However, neighborhoods with fewer
than 5 points are rare in the dataset and more susceptible to noise, making them
less reliable for estimating local semantic consistency. Setting the neighborhood size
threshold too high would exclude many valid points and prevent us from gaining
informative local context. On the other hand, setting the threshold too low can lead
to overestimation of confidence scores for sparse, potentially noisy regions. Based
on this analysis, choosing a threshold of 5 points allows us to achieve a balanced
choice, which can effectively filter out extremely sparse and potentially unreliable
neighborhoods, while preserving sufficient coverage to capture meaningful local
spatial structures.

Figure 6.7: Histogram of the distribution of neighborhood point counts. The y-axis
represents the number of points, expressed in millions.

6.4.7. BUILDING FOOTPRINT COMPARISON

Besides measuring local semantic consistency, we further incorporate urban building
footprint information to enhance the computation of confidence scores. To
qualitatively evaluate the fidelity of our extracted building footprints, we overlay
them with publicly available 2D BAG building polygons, as shown in Figure 6.8.
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(a) Overlaying our building footprints with 2D BAG

(b) Our footprints inferior to 2D BAG (c) Our footprints better than 2D BAG

Figure 6.8: Qualitative comparison between our extracted building footprints and 2D
BAG polygons. We use the following colors to render the objects: for
2D BAG polygons, for our extracted building footprints, and for
extracted vegetation footprints.

Overall, there is a strong match between our extracted footprints and the 2D BAG
polygons, indicating the effectiveness of the proposed footprint extraction method.
In some areas, 2D BAG polygons provide more reliable delineations (Figure 6.8b),
particularly in areas where dense tree clusters are wrongly classified as buildings
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in our results. This misclassification can be attributed to the fact that simple
NDVI filtering might not always distinguish between vegetation and built structures,
especially for semi-transparent structures such as greenhouses. Nevertheless, in
certain regions, as illustrated in Figure 6.8c, our extracted footprints demonstrate
higher accuracy, particularly where the annotation errors in AHN point clouds may
affect footprint extraction in the 2D BAG dataset.

6.4.8. LIMITATIONS AND APPLICATIONS

Our proposed online learning framework demonstrates strong effectiveness in
addressing real-world point cloud segmentation tasks, exhibiting high potential for
refining raw data labels that may be affected by noise, outliers, and annotation
errors. However, it suffers from several limitations.

First, this approach is highly sensitive to the quality of input features, as it allows
only a subset of the data to participate in network training rather than using the
entire dataset. As shown in Table 6.3 and Table 6.4, our method outperforms the
baseline when trained with reliable input features such as height and intensity.
However, its performance decreases when supplementary color features, potentially
introducing wrong visual cues, are incorporated into training. Another limitation lies
in the estimation of point-wise confidence scores. We only leverage the geospatial
priors from the extracted building footprints to enhance confidence estimation for
building-class points. Extending this strategy to incorporate prior knowledge for
other object classes could lead to more robust confidence estimation and overall
performance improvements. Finally, due to real-world datasets with inherently noisy
or incomplete annotations, our evaluation results may lack accuracy, as the available
annotation labels cannot be assumed to represent definitive ground truth.

The proposed online learning method is directly applicable to real-world point
cloud segmentation tasks, such as the Dutch datasets. It can be used to denoise data,
correct prominent annotation errors, and enhance overall data quality. Furthermore,
this method can be integrated into semi-automated annotation pipelines to facilitate
the annotation and iterative refinement of updated versions of point cloud datasets.

6.5. CONCLUSIONS

In this chapter, we have proposed a confidence-aware online learning framework to
explicitly address the challenges of real-world point cloud understanding, specifically
accounting for label noise, outliers, and annotation errors. Our framework integrates
local semantic consistency measures and geospatial priors associated with specific
urban object categories to assess the reliability of existing annotations by assigning a
confidence score to each point. These confidence scores are then utilized to guide
the online learning process, where the network prioritizes high-confidence samples
for training and iteratively refines the annotations of low-confidence points. The
proposed approach yields a robustly trained segmentation model and a cleaned
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point cloud dataset with improved annotation quality. Extensive experiments have
validated the applicability of our approach to Dutch point cloud datasets. However,
its performance remains sensitive to the quality of the input features.

Currently, we have evaluated the effectiveness of our proposed approach on
the AHN4 point cloud dataset. Given that the most recent release, AHN5,
shows comparable characteristics to AHN4 in terms of data acquisition method,
spatial distribution, and land cover composition, we expect that our approach will
demonstrate similarly robust performance when applied to AHN5 point clouds.

We recommend that future improvements focus on enhancing confidence
estimation by integrating more enriched prior knowledge. Meanwhile, leveraging
recent advances in computer vision, such as the SAM model (Kirillov et al., 2023),
offers a promising direction for extracting high-fidelity object footprints directly
from imagery, thereby improving geospatial priors. Another potential direction
involves incorporating synthetic point cloud data to mitigate performance limitations
associated with minority classes. For instance, artificially augmenting the dataset
with samples of underrepresented object categories, such as high-tension lines and
civil structures, the network could be trained on a more balanced distribution,
improving its ability to learn robust and generalizable features.





7
CONCLUSIONS

This chapter brings together the contributions and key findings of the thesis, which
investigates the semantic understanding of urban environments using LiDAR point
clouds. The research addresses key challenges in 3D semantic segmentation by
examining both local boundary delineation and global contextual representation.
It also explores fine-grained instance segmentation of large-scale urban trees.
Furthermore, it proposes a data-efficient semantic segmentation technique tailored to
real-world datasets. The research questions outlined in Chapter 1 are systematically
answered. Finally, potential future research directions are discussed, with the aim
of advancing the field and supporting continued progress in semantic urban scene
understanding.
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7.1. CONTRIBUTIONS AND KEY FINDINGS

Understanding 3D urban scenes is fundamental for various applications such
as urban reconstruction, environmental modeling, geolocation, navigation, and
autonomous driving. Despite its importance, progress in accurately interpreting
3D urban scenes from point clouds is relatively slow compared to advancements
in 2D image-based analysis. To bridge this research gap, this thesis has explored
various approaches and tools to 3D point cloud segmentation, which include locally
boundary-refined semantic segmentation, globally prototype-enhanced semantic
segmentation, fine-grained instance segmentation of specific object categories (e.g.,
trees), and data-efficient semantic segmentation on real-world datasets that exhibit
quality challenges. In this section, I will elaborate on the core contributions, key
findings, and answers regarding the proposed research questions.

In Chapter 3: Local boundary-guided semantic segmentation, an automatic
3D semantic segmentation algorithm was developed that explicitly mitigates
segmentation inconsistencies and ambiguities near urban object boundaries. With
the results of this chapter, the research questions proposed in Section 1.3 can now
be answered:

1. What are the underlying reasons of suboptimal boundary delineation in existing
point cloud learning approaches?

Motivated by the success of deep learning, many learning-based approaches
for point cloud semantic segmentation have been introduced (Y. Li et al., 2018;
Qi, Yi, et al., 2017; Qian et al., 2022; Thomas et al., 2019). While these
methods have demonstrated promising overall performance, they often suffer
from suboptimal segmentation accuracy near object boundaries (Section 3.1,
Figure 3.1). This limitation is primarily attributed to the loss of fine-grained
local information during the network’s message passing process. Most
concurrent networks adopt an encoding-decoding architectural design, where
encoding layers extract hierarchical semantic features and decoding layers
propagate these features back to the original spatial resolution. Such a design
can result in coarse feature maps, making the network lose object boundary
details and fail to generate accurate predictions.

2. How can boundary priors be effectively integrated to reduce segmentation errors
and enhance local-level consistency?

I have proposed a boundary-guided semantic segmentation method, where
we leverage boundary priors to guide feature propagation during the
network decoding to achieve more accurate segmentation in local regions
(Section 3.3). This approach involves a multi-task learning framework that
jointly performs boundary localization, directional prediction towards object
interiors, and semantic segmentation, all sharing a unified feature encoder.
Furthermore, to cope with the network information loss, I have designed a
lightweight guiding mechanism that fuses the boundary and direction priors
to refine the segmentation. By doing so, the proposed method encourages
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feature propagation along desired directions and effectively enhances feature
representation in local boundary regions. This method can seamlessly
integrate into existing segmentation architectures to provide boundary-aware
enhancements. Experiments have shown that the proposed approach yields
consistent improvements by reducing boundary errors across indoor and
outdoor urban scene datasets (Section 3.4).

In Chapter 4: Global prototype expansion for semantic segmentation, a novel
network module was designed to perform efficient global analysis for point cloud
semantic segmentation and urban scene interpretation tasks. With the findings of
this chapter, the corresponding research questions can now be answered:

1. What factors limit the capacity of deep neural networks to perform effective
global-level analysis on point clouds?

Through a systematic investigation of the architectural paradigms in point
cloud learning networks, which include MLP-based (H. Lin et al., 2023; Qi, Su,
et al., 2017; Qi, Yi, et al., 2017; Qian et al., 2022), convolution-based (Y. Li et al.,
2018; Thomas et al., 2019; M. Xu, Ding, et al., 2021), and transformer-based (Lai
et al., 2022; X. Wu et al., 2024; H. Zhao et al., 2021) networks, a common
limitation has been observed: the restricted receptive fields. This limitation
arises as the network feature operators are often designed to perform locally,
meaning each point interacts only with a limited set of neighboring points
during feature encoding and aggregation. Therefore, these networks show
limited capacity for capturing long-range dependencies and global contextual
information, as illustrated in Section 4.2. While incorporating global operators
is theoretically feasible, it often incurs significant computational and memory
costs, which pose severe scalability challenges.

2. How can we design a feature operating module that leverages global contextual
knowledge to enhance semantic segmentation, while minimizing computational
and memory costs?

The proposed approach design is fundamentally inspired by the prototype
concept, which dates back to cognitive science (Rosch, 1973) and posits that
a class can be effectively characterized by its most representative samples.
Therefore, prototypes can naturally capture global contextual information.
I have designed a novel network module, namely Prototype Expansion, to
enable global-range feature interactions with negligible increase of network
complexity and computational costs (Section 4.3). In this module, I use
a single prototype embedding to abstract the characteristics of an object
class, which is constructed from training samples and dynamically updated
during training. Then, an attention-like operation is performed to model
the dependencies between points and global class prototypes in the feature
space, according to which the prototypes are projected back to enhance
individual point feature representation. Through such a process, PE becomes
a global network operator. Meanwhile, it remains computationally efficient,
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as each point interacts with only a limited set of prototype embeddings.
The experiments have shown that the proposed PE module results in a
minimal increase in model complexity and achieves similar inference speed
compared to baseline methods. Nevertheless, the PE module consistently yields
substantial improvements in segmentation accuracy across various prominent
point cloud learning networks on indoor and outdoor scenes, highlighting its
effectiveness as a general enhancement for 3D semantic segmentation tasks 4.4.

In Chapter 5: Structure-aware tree instance segmentation, a robust deep learning
framework was developed for automated 3D instance segmentation of trees in
large-scale urban and nature forestry scenes. With the findings of this chapter, the
relevant research questions defined in Section 1.3 can now be answered:

1. Which shape characteristics distinguish trees from other types of urban objects
and can be exploited for instance segmentation tasks?

Trees present significant challenges for segmentation due to their complex and
irregular morphological structures. However, despite their variations in species,
size, and shape, all trees share a fundamental structural composition: a stem
(or trunk) and a crown. This structural characteristic differentiates trees from
other urban objects, enabling instance-level tree segmentation by leveraging
key features such as tree stems. Nevertheless, most existing methods for tree
instance segmentation, either heuristic-based approaches (Q. Chen et al., 2006;
Hakula et al., 2023; Tao et al., 2015; J. Wang et al., 2018) or deep learning-based
approaches (Chang et al., 2022; Henrich et al., 2024; T. Jiang, Wang, et al.,
2023; P. Wang et al., 2023), fail to explicitly incorporate these structural
priors into their segmentation pipelines, as detailed in Section 5.2. Therefore,
these methods often suffer from over-segmentation or under-segmentation,
especially in densely vegetated and complex urban environments. Recent
studies Ning et al. (2023) and Pu et al. (2023) have explored the localization
of tree stems as a strategy for delineating individual trees. They often require
additional network learning modules for stem detection, thus resulting in
increased model complexity and training costs. Hence, there is a pressing
need for a unified framework that integrates tree structural priors directly
into the instance segmentation process, enabling more accurate and efficient
identification of individual trees.

2. How to effectively address tree overlap, occlusion, and geometric variations in
challenging urban forestry areas?

I have developed a novel structure-aware deep learning-based framework for
tree instance segmentation in large-scale and complex forestry environments,
as demonstrated in Section 5.3. The core idea is to explicitly leverage tree
structure priors (e.g., detected tree stems) to enhance the robustness and
accuracy of instance segmentation. This proposed framework simultaneously
performs (i) semantic segmentation to classify a point as crown, stem, or
other; (ii) heatmap prediction to assign a heat value to each point based on
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2D Gaussian kernels centered at tree stem locations; (iii) offset prediction to
estimate point-wise offset vectors pointing to the instance centroid. These
multi-task outputs are then fused to achieve precise localization of tree stems.
Last, I use a graph-based shortest path approach to isolate individual tree
instances, which not only considers the Euclidean proximity of points but
also integrates the predicted directional information. Such a strategy ensures
that segmented tree boundaries adhere to the underlying tree structures,
even in dense forestry scenes where crowns heavily overlap. Extensive
experiments on natural and urban scenes demonstrate that the proposed
approach consistently outperforms state-of-the-art techniques (Section 5.4).
This significantly reduces over-segmentation and under-segmentation errors,
highlighting its effectiveness in addressing the challenges of tree instance
segmentation in complex environments.

In Chapter 6: Confidence-based online learning for real-world point clouds, a
data-efficient learning strategy was designed for interpreting real-world urban point
clouds, accounting for degraded data quality, such as noise, outliers, and annotation
defects. With the results of this chapter, the relevant research questions in Section 1.3
can now be answered:

1. How can data uncertainties be measured and leveraged to improve semantic
understanding of point clouds in real-world environments?

Real-world point cloud datasets naturally contain data noise, outliers, and
annotation errors, which pose significant challenges for accurate classification
and segmentation. To address these data uncertainties, a confidence-aware
online learning framework has been introduced that dynamically adapts to
annotation quality during training. The proposed approach leverages local
semantic consistency and geospatial priors extracted from aerial imagery to
estimate a confidence score for each point, which reflects the reliability of its
associated annotation. These confidence scores are then used to dynamically
guide the training process, where high-confidence samples are prioritized for
learning and the labels of low-confidence samples are iteratively refined based
on model predictions. The proposed mechanism is straightforward yet effective
in mitigating the adverse effects of noisy labels, enhancing segmentation
accuracy without increased computational complexity (Section 6.3). As a result,
this method not only yields a robustly trained segmentation model but also
produces a cleaned point cloud dataset with improved annotation quality.

2. How well does the confidence-based approach perform on real-world airborne
point clouds, and what are its potential applications?

The proposed confidence-based online learning framework has demonstrated
its effectiveness and practical applicability on large-scale real-world point cloud
datasets, such as the Dutch AHN dataset (AHN, 2025), as demonstrated in
Section 6.4. Trained with high-fidelity input features, such as point elevation
and intensity, this method enhances the robustness and generalizability of the
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segmentation network and consistently reduces segmentation errors. Moreover,
the dynamic label refinement mechanism also effectively mitigates annotation
noise and errors in the original dataset, improving label quality. However, the
proposed method is sensitive to the quality of input features. When trained
with lower-fidelity features, the segmentation accuracy tends to decrease.
Beyond segmentation performance improvements, the framework can be used
as a data denoising tool to correct labeling noise and prominent annotation
errors. It can also be integrated into semi-automated annotation pipelines to
facilitate efficient annotation and iterative refinement of annotations of point
cloud datasets.

7.2. FUTURE WORK

This section provides detailed discussions on potential future research directions
in urban understanding using 3D point clouds, in light of the current limitations
identified in this thesis.

• Incorporating high-level structural priors into deep learning approaches.

Deep learning approaches have greatly surpassed classical machine learning
methods as they can learn powerful feature representations directly from raw
data inputs by representing objects as a hierarchy of concepts. However,
achieving good performance using deep learning typically requires large-scale
annotated datasets, prolonged training cycles, and the design of complex
feature learning architectures. Furthermore, deep learning is often viewed as a
black box, where the internal feature learning process is challenging to interpret
due to the complex multi-layer structure of neural networks. This lack of
transparency makes deep learning models sensitive to data distribution shifts,
hyperparameter tuning, and overfitting. Incorporating domain knowledge,
such as structural priors or geometrical constraints, into the network learning
process would enhance the robustness and interpretability of the learned
feature representation and therefore lead to more reliable and generalizable
model performance. In Chapter 3, I have incorporated object boundary priors
to improve segmentation accuracy. However, boundaries represent low-level
geometric cues. Some recent studies have integrated higher-level priors,
including the continuous unsigned distance field (Z. Yang et al., 2022) and
graph topological structures (Landrieu & Simonovsky, 2018; Robert et al., 2023).
Despite these advancements, research in leveraging high-level priors remains
limited. Future research has significant potential to investigate and incorporate
high-level domain knowledge to enhance the robustness, interpretability, and
overall efficacy of deep learning models for understanding 3D point clouds.

• Combining multi-modality data sources.

In this thesis, I solely use LiDAR point clouds as input data for interpreting and
analyzing urban environments. Although auxiliary data sources, such as aerial



7.2. FUTURE WORK

7

123

imagery, are employed in Chapter 6, their use is limited to supporting the
evaluation of point-wise confidence scores, rather than being fully integrated
into the learning framework. A promising future research direction is
developing deep learning methods that effectively fuse 2D imagery and 3D
point cloud data, where the two distinct modalities mutually complement each
other to enhance the overall accuracy and robustness of urban scene analysis
tasks. While deep learning on 3D point clouds remains a challenging and
evolving field, deep learning techniques for 2D images have matured rapidly,
driven by advances in network architectures (Krizhevsky et al., 2012; Z. Liu
et al., 2021) and the availability of large annotated datasets (Deng et al., 2009).
Moreover, the recent emergence of large 2D foundation models (Kirillov et al.,
2023) offers new opportunities to transfer knowledge from image-based tasks to
3D vision problems, potentially benefiting areas such as semi-supervised and
unsupervised 3D learning. Overall, developing a multi-modal deep learning
framework that incorporates both 2D and 3D input holds significant potential
for advancing urban scene analysis in the future.

• Joint segmentation of urban tree instances and tree parts.

This thesis primarily investigates deep learning-based instance segmentation
of large-scale trees. Although it leverages the detection of key structural
components, such as tree stems, to facilitate robust localization of individual
tree instances, it does not explicitly address the task of tree part segmentation.
Compared to instance segmentation, part-level tree segmentation provides a
more granular understanding of tree morphology, capturing detailed structural
information within each tree. However, this increased level of detail also
introduces greater segmentation challenges. Predominant methods typically
take a single tree as input and subsequently perform tree-part decomposition (Y.
Liu et al., 2021; Shen, 2024). Nevertheless, significant research potential exists
in jointly addressing tree instance segmentation and tree part segmentation
within a unified learning framework. Since tree parts are inherently nested
within tree instances, a joint formulation allows the two tasks to complement
and reinforce each other. As demonstrated in Chapter 5, successfully identifying
tree parts can provide valuable cues to enhance the accuracy of instance
segmentation, particularly in complex forestry scenes with dense crown
overlap. Future research can explore integrated approaches that simultaneously
perform instance-level and part-level segmentation directly from large-scale
forestry point clouds. Such a unified framework would enable fine-grained
recognition of tree structures while leveraging part-level information to improve
instance delineation. This would facilitate a comprehensive and detailed
urban forestry analysis, contributing to more precise assessments of forestry
resources, biomass estimation, and other critical environmental indicators.

Finally, I would like to end this thesis with a reflection on the broader research
context and future perspectives. When I began my Ph.D. in 2020, deep learning on
3D point clouds for urban scene analysis was an emerging research area. Since then,
this field has experienced rapid progress driven by advances in 3D deep learning



7

124 7. CONCLUSIONS

architectures (Lai et al., 2022; Thomas et al., 2019; X. Wu et al., 2024; H. Zhao et al.,
2021). However, the evolution of 3D deep learning remains comparatively slower
than that of 2D deep learning. Furthermore, many existing methods encounter
challenges in generalizability and scalability when applied to real-world urban
environments characterized by large spatial extents and high data uncertainty. I
hope that the methodological contributions presented in this thesis will advance
the fundamental understanding of 3D point cloud learning, as well as support the
development of practical solutions for real-world urban applications.
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