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Résumé

Les instruments modernes de numérisation 3D, notamment les scanners lasers terrestres (TLS), permettent
I’acquisition de nuages de points couvrant plusieurs échelles spatiales (de la picce au batiment) a haute fréquence
(> 10° points par seconde). Cependant, les nuages de points 3D sont rarement le produit final. La valorisation
des nuages de points sous forme de maquettes numériques ou de plans 2D présente encore des limites et souffre
d’un manque d’automatisation. Aussi, cette theése a pour but de segmenter les objets dans des nuages de points et
d’aborder le manque de données 3D étiquetées. A 1’époque ou la donnée apparait comme 1’un des éléments clés
du développement de I'IA, nous proposons des méthodes permettant de bénéficier d’une importante quantité de

données disponibles dans les entreprises de la géomatique.

Tout d’abord, nous examinons les travaux préliminaires a I’apprentissage profond, notamment ceux relatifs
aux caractéristiques géométriques. Nous nous demandons si ces dernicres peuvent étre discriminantes a 1’¢re de
I’apprentissage profond. Nous étudions différents ensembles de caractéristiques extraites a partir du voisinage
d’un point. Pour pallier I’éventuel manque de caractéristiques lors de 1’entrainement, nous introduisons une
stratégie appelée "DropFeatures" qui implique la suppression aléatoire de caractéristiques pendant I’entralnement.
Cette stratégie rend le modele plus robuste et améliore sa précision. Nos tests menés sur plusieurs jeux de données
et utilisant différentes architectures profondes ont montré une amélioration des performances, notamment lors de
I’utilisation d’architectures de petite taille. Nous avons aussi conduit des expériences sur une autre caractéristique

fournie par les scanners lasers terrestres : 1’intensité. Nous avons ainsi observé qu’il est difficile de la calibrer.

Puis, nous introduisons un algorithme d’alignement nuage-maquette pour annoter des nuages de points grice
aux modeles 3D. Notre approche s’appuie sur une maquette 3D pour créer des étiquettes précises appelées
"pseudo-étiquettes”. Nous rendons disponible en libre-acces le jeu de données en intérieur appelé 3DSES (3D

Segmentation of ESGT point clouds). 3DSES introduit de nouvelles caractéristiques dans les jeux de données



RESUME

d’intérieur, incluant une maquette numérique et une caractéristique radiométriques originales comme 1’intensité.
En plus des éléments structurants comme les sols et les murs, nous avons également annoté des éléments courant
du Building Information Modeling (BIM) tels que les extincteurs, les alarmes et les luminaires. Les premiers
résultats sur 3DSES montrent que la segmentation de tels éléments reste ardu méme pour les architectures

modernes d’apprentissage profond, méme si I’intensité peut améliorer les performances de segmentation.

Enfin, nous nous appuyons sur un générateur procédural pour générer des centaines de scénes 3D syn-
thétiques. Avec 1’aide d’un TLS virtuel, nous crééons des nuages de points synthétiques avec des étiquettes
sémantiques et d’instances. Nous introduisons ainsi IPCS (Indoor synthetic Point Cloud Segmentation) : un
ensemble de scenes synthétiques LiDAR en intérieur, composé de plusieurs milliards de points, dépassant la
plupart des jeux de données réels de nuages de points intérieurs. A 1’¢ére du pré-entrainement massif, IPCS
permet a la communauté de pré-entrainer les modeles d’apprentissage profond avec une vaste collection de

scenes 3D et plusieurs milliards de points.

Mots-clés : scanner laser terrestre, nuage de points 3D, segmentation, apprentissage profond, données 3D,

données synthétique, intensité LiDAR
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Abstract

Recent 3D data sensors, including Terrestrial Laser Scanning (TLS), allow the acquisition of point clouds
covering multiple spatial scales (from room to building) at high frequency (> 10° points per second). However,
3D point clouds are rarely the final product, and the enrichment of 3D point cloud data in the form of 3D models
or 2D plans still presents bottlenecks and suffers from a lack of automation. This thesis aims to accurately
segment objects in 3D point clouds and addresses the lack of 3D data in the era of deep learning. At times when
data appears to be one of the keys for Al development, we introduce new methods to benefit from the large 3D

databases available in land surveyor companies.

First, we examine previous works on 3D point cloud from the literature on handcrafted features. We assess
whether these geometric features can be discriminative in the new era of deep learning. We study different sets
of features extracted from point neighborhoods. To deal with the potential absence of features, we introduce a
drop strategy called “DropFeatures” that randomly resets features during training. This strategy makes the model
more robust while improving its accuracy. Our tests, which were conducted on a variety of datasets and using
several deep architectures, show an improvement in performance, and especially on the smallest architectures.
We also conduct experiments on another TLS feature: the intensity. We show that it is especially difficult to

calibrate.

Then, we introduce a model-to-cloud alignment algorithm to annotate 3D point clouds with 3D models. Our
approach benefits from a 3D model to create accurate “pseudo-labels”. We open-source this indoor LiDAR
point cloud dataset: 3DSES (3D Segmentation of ESGT point clouds). 3DSES introduces new features in
indoor datasets, such as the 3D model and intensity which is an uncommon radiometric feature. In addition to
structuring elements such as floors and walls, we also label common Building Information Modeling (BIM)

elements, e.g. fire extinguishers, alarms, and lights. Initial tests on 3DSES show that these common BIM

vii



ABSTRACT

elements are challenging for modern deep learning algorithms, and that intensity can improve segmentation

metrics.

Finally, we leverage a procedural generator to generate hundreds of synthetic indoor scenes. With the help
of a virtual TLS, we create synthetic point clouds with semantic and instance labels. We introduce IPCS (Indoor
synthetic Point Cloud Segmentation), a synthetic indoor LiDAR dataset comprising several billion points, which
far exceeds real indoor point cloud datasets in terms of number of points. In the era of pre-training, IPCS allows

the community to pre-train deep models using its vast collection of 3D scenes and billions of points.

Keywords : terrestrial laser scanner, 3D point clouds, segmentation, deep learning, 3D dataset, synthetic

data, LiDAR intensity
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Figure 1.1: In this thesis, we attempt to segment objects in 3D point clouds for the purpose of 3D modeling.
Other methods do not fully exploit the possibilities offered by pre-existing 3D models.

Over the past few years, 3D technology has improved significantly, enabling users to scan environments
more precisely and more rapidly. As a result, 3D sensors have become more widely available and affordable.
Today, it is possible to scan a 3D environment using a wide range of apparatus, from specialized equipment to
consumer-grade devices such as the LiDAR scanner found in iPhones. This democratization of 3D scanning has
enabled new uses, such as virtual tours of property complexes or detailed scans of construction sites, including
open trenches. Despite extensive efforts to design simpler hardware and make 3D technologies more accessible,
the primary bottleneck remain enhancing 3D data and automating their processing (such as registration, cleanup,
and objects identification). Nevertheless, this has not limited the impact of 3D data, which has led to numerous
applications across various disciplines. In construction, 3D point clouds (Fig. 1.1) enable the creation of
detailed models [5, 6] that can be used for monitoring and collaboration throughout a building’s lifetime. As
shown in Fig. 1.1, 3D acquisitions in the industrial field can lead to the creation of 3D models, which are
helpful for tracking the renewal of objects, such as valves and pipes, throughout an industrial site’s life cycle.
Similarly, city planners benefit from using 3D data, as it informs them about urban development and changes in
infrastructure [7]. Furthermore, heritage site monitoring [8] can benefit from 3D point clouds, as they provide

valuable insights into cultural heritage sites and inform restoration efforts.

In this introductory chapter, we will first situate this thesis within its overall context (Section 1.1) and then in
the context of deep learning (Section 1.2). As this thesis is a CIFRE (“Industrial Agreements for Training through
Research”), we will introduce the company and explain how this partnership informs our work, particularly with
regard to the data (Section 1.3). Finally, Section 1.4 presents the research questions and Section 1.5 outlines our

contributions to the field of 3D segmentation of small objects.
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1.1. PREAMBLE

1.1 Preamble

“How can we benefit from this old, bulky 3D data?”, “Didn’t I store these 5 TB of point clouds from 2015 in
our NAS archive?”, “Can we learn from previous scans how to enrich new 3D point clouds?”. These are just
some of the interesting questions resulting from this CIFRE project with a French company: QUARTA. “How
can we benefit from this old, bulky 3D data?” is the main question that has led to the creation of this thesis. As a
producer of 3D data for its geomatic activities, QUARTA has stored a large amount of data on its servers over its
years of activity. The classic life cycle of a 3D data at QUARTA can be summarized as follows: acquisition; 3D
modeling or 2D drawing; and then indefinitely stored on a full server. Therefore, QUARTA is eager to find new
techniques to add value to these old data and to improve their processes, making activities easier for end users.
The high demand for process automation and valorization at QUARTA gave rise to this thesis in 2021, in an era

where “AI” (Artificial Intelligence) is a buzzword (Section 1.2).

1.2 The Al race

In recent years, significant developments have been made in many domains of artificial intelligence. However,
by 2025, Al has become a buzzword with numerous applications raising the ideas of Al for profit and not for

society. In this section, we provide an overview of the evolution of machine learning over the recent years.

1.2.1 Starting from handcrafted features

While Al is primarily defined by the Turing test [9], deep learning is defined by Lecun et al. [10]. Deep
learning is a part of the field of machine learning and, more broadly, artificial intelligence (AI), which relies
on a learning process. Previous machine learning algorithms [11, 12] relied on handcrafted features and
required domain expertise to design helpful representations of the data [10]. Unlike traditional machine learning
approaches, deep learning learns data representations directly from the raw and uses neural networks to do
so [10]. The first of these were introduced by Rosenblatt in 1957 with the perceptron [13]. However, it was the
introduction of backpropagation [14] that enabled the training of multi-layer networks and led to the development
of neural networks. Since then, neural networks have grown in size to reach the era of foundation models with

billions of parameters, such as BERT [15] with 340 million and, more recently, Llama 3 [16] with 70 billion.
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IChatgptd4-o from OpenAl with the following prompt: “Create a sticker-style image of a phd student writing this manuscript.”

Figure 1.2: Presentation of some Al tools available in 2025. GAFAM aims for artificial intelligence (Al) to be
an integral part of everyday life by 2025. Interacting with chatbots by asking questions (Fig. 1.2a) or speaking
naturally has become easier and more efficient (Fig. 1.2b). Al is increasingly being used to assist humans with
coding tasks (Fig. 1.2d), in image segmentation (Fig. 1.2c) and in image generation (Fig. 1.2e and Fig. 1.2f).

1.2.2 To foundation models and ‘“frivolous” applications

Of late, deep models have greatly improved the state-of-the-art performance in many research fields, such as
image recognition [ | 7] and speech-to-text generation [18]. Nowadays, humans can interact with chatbots using
natural language, either by typing questions (Fig. 1.2a) or speaking naturally (Fig. 1.2b), making communication
easier and more efficient. Al is increasingly being used to assist with coding tasks (Fig. 1.2c), such as code
completion and debugging, thereby accelerating and simplifying software development. Furthermore, Al has
made significant strides in improving image segmentation (Fig. 1.2d) and image generation (Fig. 1.2e, Fig. 1.2f).
These improvements have made Al relevant not only to scientific applications, but also to “frivolous” applications

such as image generation (Fig. 1.2f) and image localization (Fig. 1.3).

These improvements have been made possible by two main factors: an increasing number and size of publicly
available datasets, such as ImageNet [17] and LAION-5B [20], and an increasing availability of computing

resources.
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(a) Picture of the QUARTA headquarters (b) Predicted localization of the previous picture

Figure 1.3: Image localization with AT [21].

1.2.3 What’s new in 3D data?

While tech companies are engaged in an Al race, competing to build the biggest supercomputer for training
increasingly large deep models with vast amounts of data in areas such as generative Al models, 3D data
enrichment has received little attention. The identification of objects, known as segmentation [22, 23], in point
clouds is not a new concept. First segmentation methods used region-growing algorithms [24], clustering
algorithms (such as k-means) or iterative methods (RANSAC [25] and the Hough transform [26]). However,
as will be discussed in Chapter 2, these methods rely on expert features that are difficult to apply to the wide
range of point clouds available in the field. Nevertheless, 3D data is not immune to the power of deep learning,
and recent deep learning techniques have surpassed traditional approaches. Today, a plethora of architectures
(detailed in Section 2.3) use deep learning to identify objects in 3D point clouds. However, to date, no single
method has matched the user-friendliness of ChatGPT and achieved well-accuracy for identifying all objects in

3D point clouds, given the possibility to develop new methods that enhance work with 3D point clouds.

1.3 Context & motivations

1.3.1 Context

As mentioned in Section 1.1, this thesis is a CIFRE (“Industrial Agreements for Training through Research”)
project conducted with the French company QUARTA. QUARTA is a land surveying company that has acquired
a great deal of data over the years in the form of topographic maps, 2D plans and 3D models. QUARTA’s
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“Numérisation du patrimoine” department (“Indoor environments digitizing”) has acquired numerous 3D point
clouds and associated 3D modeling over the past ten years (Fig. 1.4). While this department mainly focuses

on indoor environments (Fig. 1.4a, Fig. 1.4b, Fig. 1.4c¢), it also tackles specific use cases such as 3D modeling

of industrial equipment (Fig. 1.4d), civil engineering structures (Fig. 1.4e), and entire industrial buildings

(Fig. 1.4f).

(a) Patrimony (b) Patrimony (c) Patrimony

(d) Engineering (e) Civil engineering structures (f) Industry

Figure 1.4: Overview of some models created by QUARTA. These 3D models depict various environments,
including houses (Fig. 1.4a), railways (Fig. 1.4b and Fig. 1.4c), engineering (Fig. 1.4d), civil engineering
(Fig. 1.4e) and industry (Fig. 1.4f).

QUARTA uses a variety of apparatus for indoor 3D point cloud acquisition, including TLS devices from
Leica Geosystems (C10, P20, P40, RTC360), a TLS device from FARO (S70) and, more recently, MLS devices
from NavVis (VLX) and Leia Geosystems (BLK360 and BLKARC). In recent years, 3D manufacturers have
reduced acquisition time and measurement complexity. For instance, it took several minutes to record photos with
the oldest device, the Leica Geosystems P20, whereas an HDR image with the RTC360 takes only one minute.
Despite its MLS nature, the NavVis VLX has its own advantages, including rapid and colorimetric acquisition,
which is activated by default (Fig. 1.5a). However, to benefit from all older 3D point cloud acquisitions of
QUARTA, we focus on terrestrial laser scanning (TLS). Moreover, as the intensity is an information always
available with TLS, we need to test its contribution. As older point clouds are not always colorized, i.e. they do

not contain RGB images, we choose to ignore 2D approaches to segment point clouds. Although it is possible



1.3. CONTEXT & MOTIVATIONS

to project XYZ coordinates and intensity onto 2D planes to recreate images (as illustrated in Fig. 1.5b), this
projective method can be time-consuming and introduces additional treatments for the users. Furthermore,

projecting onto a 2D plane introduces errors and wastage during the projection step (see Section 2.4.2).

(a) Equirectangular image from the RTC360 (b) Equirectangular image from 3D coordinates

Figure 1.5: (a) A reconstructed 2D image, along with its intensity, and (b) an RGB image acquired by the
RTC360 from Leica Geosystems.

1.3.2 Process simplification as motivation

As QUARTA aims to simplify the process of digitizing complex indoor environments (Fig. 1.4), this thesis
aims to identify objects in raw point clouds (Fig. 1.6b) and overcome the limitations of identifying small objects,
such as switches or outlets. This step, introduced in Section 1.2.3, is also known as segmentation [22, 23].
However, behind the overarching objective of semantic segmentation of small objects in 3D point clouds lie

other motivations.

(a) Point cloud with intensity (b) Segmented point cloud (¢) Point cloud filtered

Figure 1.6: Example of a 3D point cloud (Fig. 1.6a) segmented into different classes (Fig. 1.6b). Legend:
Covering in green, door in light green, ground in yellow, wall in , clutter in red. Segmented point clouds
allow us to identify objects rapidly and isolate them if needed (Fig. 1.6¢).

Collaborator’s well-being When working with noisy data on a daily basis, cleaning the data and locate

objects is time-consuming. Identifying objects, especially small ones, in 3D point clouds allows users to isolate
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them from other unwanted objects (for example, removing the ceiling or floor to get a better view of other
objects). This reduces the time spent zooming in or deleting points. Furthermore, pre-isolating (Fig. 1.6c) objects
(e.g. fire extinguishers for industrial sites or railways for civil engineering) can help people see the objects’

shapes directly.

Impact on storage The latest 3D acquisition techniques generate vast quantities of 3D data for each project,
placing a significant burden on storage systems. As all 3D producers are aware, not all 3D coordinates are
useful for the final rendering. For example, when modeling the structural elements of a house, some objects are
unnecessary (e.g. chairs, tables, fridges). Removing or sampling these objects’ 3D coordinates can reduce the

point cloud’s weight and thus decrease storage requirements.

Accuracy of final rendering As land surveyors specialize in accurate measurement, improving the accuracy
of the final rendering is also a keys motivator. Removing unnecessary or ambiguous points allows for more
time to be spent on the real task, thereby improving the accuracy of the final 3D model. This is particularly
important for specific objects, such as lamps, outlets and valves. Identifying these objects first ensures they are

not overlooked and allows more time to be spent searching for or improving the appropriate 3D CAD model.

As previously explained, adding smart moves (such as sampling or removing points) after semantic segmen-
tation can already be beneficial for land surveying companies, without resorting to instance segmentation. This
thesis therefore focuses on the semantic segmentation of point clouds to identify groups of objects and facilitate

the post-processing (e.g., 3D modeling) of 3D point clouds.

1.4 Research questions

The previous section, which relates to the context and motivations of the research, raises several challenges
and research questions. As detailed in Section 2.1, 3D point clouds present two main challenges: they are
irregular and unordered, rendering object identification in point clouds challenging for humans. However,
when working with indoor TLS, other difficulties may arise, as illustrated in Chapter 2. Depending on the
acquisition process and the time dedicated to cleaning the point clouds, scanning artifacts (Fig. 1.7a), mirror
points, moving objects (such as humans or animals) may be present in these point clouds. All these elements,
generally called “noisy points” by point cloud experts, are unnecessary for drawing 2D plans or designing
3D models. Additionally, the presence of these noisy points complicates the localization of small-objects, by

necessitating multiple rotations and zooms, and obscuring interesting objects (such as outlets, switches, valves,

10
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...). However, TLS acquisitions do not present only negative aspects and come alongside a helpful feature that

assists humans in identifying elements in point clouds: the intensity (Fig. 1.7b).

(a) Several colorized scans from inside a building (b) Scan from inside another building

Figure 1.7: Examples of 3D point clouds of buildings, acquired using a P20 scanner from Leica Geosystems. The
two point clouds contain numerous occlusions, artifacts (Fig. 1.7a) and noisy points, which makes identifying
objects challenging. For instance, the yellow circle (on Fig. 1.7a) highlights TLS points passing through windows.
However, TLS acquisitions come alongside radiometric features (Fig. 1.7b) that help human eyes identify objects.

This thesis aims to address the difficulty of semantic segmentation of small objects and to develop methods
to improve this task. To this end, we have identified three research axes: (1) the contribution of TLS features, (2)
the time required for labeling small instances in point clouds, and (3) the scarcity of 3D data, particularly small

instances.

TLS features: Can 3D deep learning segmentation of small objects benefit from expert and radiometric
features? Since the advent of deep learning, research has focused on integrating deep models into the point
cloud segmentation task. At the same time, prior work on semantic segmentation of point clouds based on
handcrafted features [27, 28, 29] has been overlooked. Furthermore, most 3D datasets do not include all the
radiometric information available at the end of the 3D acquisition process. While color information is often
available in datasets, this is not the case for the intensity (Fig. 1.7b). Consequently, few research studies have
been conducted on the potential of this information for point cloud segmentation. In this thesis, we propose
studying the contribution of expert features within the scope of deep learning. We also incorporate the TLS

intensity into modern deep models to assess its impact on semantic segmentation accuracy.

The time required to label small instances: Can we exploit the potential of land surveyor data (e.g. 3D

models) to segment small objects? A large amount of 3D data (e.g. 3D models and 3D point clouds) is available

11
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within geomatic companies, particularly at QUARTA. Once acquired and processed, these data are stored. We
observed that these 3D models represent an underused resource. We benefit from these 3D models by providing
the community with a new indoor dataset containing challenging objects and improving deep learning point

cloud segmentation.

The lack of labeled 3D data: Can we generate a large amount of 3D data with small objects in order to
pre-train deep models? Another challenge relates to supervised learning and datasets in general. 3D point cloud
segmentation using deep learning is affected by a lack of abundant labeled data and small objects within the
dataset. Although new datasets are emerging that address this issue, the annotation of 3D point clouds remains
time-consuming for humans and does not allow for the creation of a large dataset containing a multitude of
objects. For example, there are no valves, pipes, or electronic cabinets available in dedicated 3D point cloud
segmentation datasets. However, QUARTA’s objective is to segment the majority of the point clouds they have
acquired, which include a variety of objects. In this thesis, we propose a pipeline to generate a wide range of

highly detailed indoor point clouds, including small objects such as forks and spoons.

1.5 Outline & contributions

In this thesis, we first quantify the contribution of handcrafted features as input for deep learning architectures
(Chapter 3). Then, we create a new dataset (Chapter 4) in order to address the lack of small objects and the low
density of open-source point clouds. Despite the high density and novelty of intensity and 3D models in indoor
datasets, our dataset does not capture the world distribution of small objects. Therefore, we produced a new

synthetic dataset with virtual indoor 3D scenes and their corresponding point clouds (Chapter 5).

* Chapter 3: Improving segmentation with handcrafted features

In this chapter, we benefit from prior works that primarily used handcrafted features to segment the 3D point
clouds. Here, we address the subject of integrating handcrafted features into deep learning architectures, and
explore their potential benefits for semantic segmentation of indoor point clouds. We also introduce a new
regularization techniques called “DropFeatures”. This strategy randomly removes features during training to
improve performance. We demonstrate that this prevents catastrophic performance drops when features are

missing at inference time and can also increase performance by acting as data augmentation.

12
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» Chapter 4: A realistic indoor point cloud segmentation dataset

In this chapter, we present a new dataset for the segmentation of indoor LiDAR point clouds: 3DSES (3D
Segmentation of ESGT point clouds). The main contribution of Chapter 4 is a model-to-cloud alignment
algorithm for the automated labeling of indoor point clouds using an accurate 3D model created by humans. We
demonstrate that our model-to-cloud alignment produces “pseudo-labels” with over 95% accuracy on our point

clouds, enabling us to train deep models with significant time savings compared to manual labeling.
* Chapter 5: Synthetic 3D scenes for small objects segmentation

In this chapter, we address the lack of annotated small objects in point clouds. In Chapter 5, we introduce a new
synthetic dataset for indoor point cloud segmentation. We develop a process that can generate an infinite number
of 3D point clouds containing a large quantity of small objects. We first use a procedural generator to create
an immense number of 3D scenes, which contain structural elements (such as ceilings, floors, and walls) as
well as small objects (such as forks, lamps, spoons, towels, ...). Then, we employ a virtual TLS to generate

high-quality indoor point clouds with accurate semantic and instance labels from the 3D scenes.

Related publications These works have been the subject of two publications, which are listed below:

M. Meérizette, N. Audebert, P. Kervella et J. Verdun, 3DSES: an indoor Lidar point cloud segmentation
dataset with real and pseudo-labels from a 3D model dans Proceedings of the 20th International Joint Conference
on Computer Vision, Imaging and Computer Graphics Theory and Applications - Volume 2: VISAPP, INSTICC,
SciTePress, p. 707-716.

M. Meérizette, N. Audebert, P. Kervella et J. Verdun, 3D feature engineering for deep semantic segmentation

of indoor point clouds, The Photogrammetric Record, Under review

13



1.5. OUTLINE & CONTRIBUTIONS

14



Related work

Content
2.1 3Dpointclouds: preamble . ... ... ... ittt e e e 17
2.2 Terrestrial Laser Scanning . . . . . . . . o v v v v vttt it e e e e 17
2.2.1 Principles of TLS measurements . . . . . . . . . . .. .. ... o 18
2.2.2  Intensity calibration . . . . . . ... L 19
2.3 3Dsegmentation: preamble . . . . . ... L L e e e e e e e e e e e e 20
2.3.1 Definition . . . . . ... 20
2.3.2  Traditional Approaches . . . . . . . . . . ... e 20
2.4 3D deep learning segmentation . . . . . . . .. .0t i e e e e e e e e e e 21
2.4.1 Methods based on convolution . . . . . ... ... .. Lo 21
2.4.2 Methods using 2D images . . . . . . . .. .o e e e e e 23
243 Methodsbasedon3Dvoxels . . . . . . . . ... 23
244 Methodsbasedongraphs. . . . . . .. ... L 24
2.4.5 Methods operating directly on raw pointclouds . . . . . . . .. ... ... oL 25
2.4.6  Methods based on superpoints . . . . . . . .. L. e 26
247 Hybridmethods . . . . . . . .. 27
2.5 3D networks: the lack of annotateddata. . . ... ................ .. . ... 27
2.5.1 Collecting 3D datasets . . . . . . . . . ... 27
2.5.2  Weakly supervised methods . . . . . . . . .. ... ... 31
2.5.3 Selfsupervisedmethods . . . . . . . ... 32

15



Abstract

In this chapter, we present an overview of the current state of the art in 3D point cloud processing. The
works presented in the following chapters build on this state of the art and aim at fill the gaps identified.
First, we briefly define the notion of 3D point clouds (Section 2.1). Associated with TLS acquisition,
in Section 2.2 we introduce the concept of point cloud intensity (Fig. 2.1c) and discuss the difficulties
associated with its normalization. Then, in Section 2.4, we present 3D deep learning techniques dedicated
to point cloud segmentation (Fig. 2.1d). Finally, in Section 2.5, we address the challenges associated with

the lack of annotated data.

(c) 3D point cloud of 3DSES [1] with intensity. (d) 3DSES [1] point cloud colorized by classes.

Figure 2.1: An overview of 3D point clouds [ 1] with different modalities, including color information, semantic
labels, LiDAR intensity, and 2D planes estimated using RANSAC [25].



2.1. 3D POINT CLOUDS: PREAMBLE

2.1 3D point clouds: preamble
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Figure 2.2: The main challenges with 3D point clouds are the irregularity and the lack of structure and order.
Unlike 2D images, 3D point clouds are an irregular data structure, where 3D points are non-uniformly distributed
across a grid. They can contain sparse regions, which can be challenging for object identification, as well as
dense regions with many points (Fig. 2.2a). In addition, 3D point clouds pose a challenge to deep learning
methods because they are not ordered (Fig. 2.2b) and therefore are invariant to permutation.

In this manuscript, we refer to a 3D point cloud as a set, i.e. an unordered collection, of XYZ coordinates.
Additional information can be recorded with the 3D coordinates, such as color information (RGB), intensity (I),

or GPS time.

Regarding 3D point cloud segmentation, most 3D advances in this field have been influenced by progresses
in 2D image deep learning. However, 3D point clouds pose some challenges (Fig. 2.2) to deep models. Firstly,
3D point clouds are unstructured, they have sparse and dense regions. The distances between a point and its
neighbors are variable, unlike pixels from images (Fig. 2.2a). Point clouds have another specificity: they are not
ordered (Fig. 2.2b). If we change the ordering, the 3D point cloud remains the same, while the file has changed.
Owing to these challenges and the complexity of applying deep learning methods to 3D point clouds, various 3D
representations (Section 2.4) have been proposed. However, these challenges also affect annotation of 3D point

clouds, leading to the creation of new datasets or methods that do not rely on labels (Section 2.5).

2.2 Terrestrial Laser Scanning

3D point clouds may be produced by images [30, 31, 32] or by LIDAR [33]. LiDAR can be aerial [34, 35, 36],
mobile [37, 38, 28] or terrestrial [39, 1] depending on the acquisition vector. Since this thesis tackles the challenge

of segmenting small objects from Terrestrial Laser Scanner (TLS) data, we present in this section some basic
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2.2. TERRESTRIAL LASER SCANNING

principles of TLS acquisition.
2.2.1 Principles of TLS measurements

The TLS measures rely on the emission and reception of laser light. The distance between objects and TLS
can be determined using time-of-flight or phase measurement techniques [40, 41, 42, 43]. Afterward, a scan of

the environment (indoors or outdoors) enables to obtain a 3D point cloud.

Intensity Three-dimensional geometries (i.e., XYZ coordinates) of objects are not the only information
that can be retrieved from LiDAR measurements [42]. The intensity, i.e. the ratio between backscattered and
original radiation at the specific wavelength [33], is an additional data obtained from TLS measurements [43].
In this thesis, we will discuss on this radiometric information inexactly called “intensity” [43] acquired by
TLS and which consists of a measure of the electrical signal power [42]. Since TLS uses laser technology, the
received power is linked to the emitted power by the laser equation [33]. According to [2, 44, 45, 46], under the
supposition of a Lambertian surface and a target receiving the entire beam, the laser equation linking received
power and emitted power becomes:

P.D}p

b=

* Nsys * Natm * COS(OC) (2.1)

where P, is the transmitted laser power, D, is the aperture, R is the range, ¢ is the incidence angle, p is the
reflectance of the target and the two factors 714, and 1y, are the atmospheric transmission factor and a system-
related factor, respectively.

Eq. (2.1) shows that received laser power is affected by various

Object domain .. . ..
A parameters, such as the angle of incidence, atmospheric conditions,

t P

surface reflectivity or instrument mechanisms (Fig. 2.3). Another

Sensor domain

- D,
* Nsystem / y
« P, « 4

« P

Atmospheric conditions
and environment
+ R

* TNatmos

phenomenon that affects the intensity of a LIDAR measurement is
the near-range effect [47], which is due to lens defocusing and influ-
ences intensity values for points at closer distances. Assuming that
3D points are generally collected using the same sensor, parameters
sensitive to the sensor (i.e., P, D, and 7ys) can be grouped inside a

constant value (i.e., C) during a unique acquisitions campaign [42].

Figure 2.3: Visualization of influencing

Therefore, Eq. (2.1) can be simplified as:
factors for a LiDAR system [2].

cos(a)
—

P=C-p 2.2)
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1

Figure 2.4: Radiometric information referred to as “Intensity”. This radiometric information allows humans to
identify objects in 3D point clouds. However, we can observe that the intensity varies across a same material
(such as a concrete wall). Point clouds from 3DSES-Gold acquired by a RTC360 and exported from Register360.
“Intensity” values comprised between O (in blue) and 1 (in ).

The previous equation indicates that the reflectance (p) of the object can be retrieved using the TLS intensity. It
should be noted that this simplification gives rise to questions when merging multiple acquisitions (i.e., with

multi-sensor data acquisitions) in various applications, such as 3D visualization or training deep models.

Reflectance The reflectance is defined as the ratio between the emitting optical flow and the reflecting one
by the object, for a specific incidence. This reflectance is obtained by integrating the Bidirectional Reflection
Distribution Factor (BRDF) [43]. This reflectance is an intrinsic parameter of the object, which can inform us

about its material and color.

2.2.2 Intensity calibration

LiDAR intensity is always recorded alongside the coordinates in TLS measurements. However, this
radiometric feature is largely understudied in the literature, and especially its calibration and contribution to
deep models. Nevertheless, this radiometric information is correlated with object reflectance and the idea that it
can be helpful to distinguish objects in 3D point clouds. As it is possible for human eyes to distinguish objects in
the 3D point cloud presented in Fig. 2.4. In this section, we present some approaches that tackle the difficulty of
normalizing LiDAR intensity. The objective behind this calibration is to link the intensity value to the reflectance

of an object [43]. These approaches can be divided into two categories [42, 44]:

* “data-driven” approaches: analyzing raw point cloud intensities to determine relevant parameters.

“model-driven” approaches: correcting point cloud intensities based on physical models.
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Using the previous LiDAR range equation, it’s possible to approximate the intensity correction [43, 44]:

R2

Icor(p) = Iraw(p;Ry OC) : (2-3)

cos(or)

with I the corrected intensity and I,y the intensity from TLS. However, this correction is based on certain
assumptions (i.e. the reflector is Lambertian and the temperature is constant, ... ). Moreover, some TLS modify
intensity values for near distances in order to reduce brightness [48]. Furthermore, small objects with an
area inferior to the beam’s footprint follow a range dependency with higher power than 2 [44]. To adapt the
dependency of the intensity to several parameters, empirical models were employed. TLS measurements can
be performed on Spectralon [49], cardboard [50], or an object’s surface [51]. This data-driven approach led to
a plethora of models, for instance a model was designed for the Leica ScanStation C10 [52], one for the Faro

LS880 [53], and another for the Faro Focus 3D 120 [43]...

To summarize, the calibration of intensity is a complex task with no general law applicable to the variety
of TLS devices. Furthermore, intensity data furnished with point clouds can face manufacturer pre-treatment,

which can make calibration difficult [43, 44, 54] and limit its use in recent deep models.

2.3 3D segmentation: preamble

2.3.1 Definition

Point cloud segmentation is linked to image segmentation [22]. 2D image segmentation consists in assigning
a semantic label to every pixel (such as dog, cat...) [55]. With the same logic, 3D point cloud segmentation
consists in labeling every 3D coordinate of the point cloud according its semantic meaning [23, 56], as we
can see in Fig. 2.1d. 3D point cloud segmentation did not appear with deep learning (see Section 2.3.2 and

also Chapter 3), and many methods have tackled point cloud segmentation.

2.3.2 Traditional Approaches

First approaches dedicated to point cloud segmentation used several methods, such as attribute clustering [57],
region growing [24] or methods based on borders [58] or graphs [59]. As illustrated in Fig. 2.1b, previous works
also used parametric shapes and RANSAC [25] to recognize structures or objects in 3D point clouds [25, 26].
Macher et al. [60] proposed a three-step segmentation process: first, partitioning the floor; second, segmenting

the rooms; and third, identifying the planes that compose them. The floor identification is performed using
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the distribution of the Z coordinates, enabling the identification of levels in the point cloud. A region-growing
algorithm is then applied to the binary map of each level to retrieve rooms; after that, RANSAC [25] is used to
detect planes (e.g. floors, ceilings and walls). However, aware of the limits and difficulties encountered with
parametric methods, later works introduced machine learning and expert features to classify point clouds, using

Support Vector Machines [01, 62], Conditional Random Fields [63] or Markov Random Fields [64].

However, traditional approaches either used handcrafted features or relied on prior knowledge of the scene.

This complicated the segmentation and degraded the results [65].

2.4 3D deep learning segmentation

In order to address irregularity, lack of structure and lack of order, researchers have adopted various
representations to describe 3D point clouds. As shown in Fig. 2.5, five groups of methods are commonly used
for segmenting 3D point clouds using deep learning. These methods can be extended to include hybrid methods
and those based on superpoints [66, 23]. Methods working with 2D images project 3D coordinates to 2D planes.
It is also possible to directly use 2D images from the point cloud acquisition. Another group of methods are
convolutional models, which are directly inspired by the 2D image field. Other methods are derived from 3D
point cloud products, e.g. graphs, voxels and superpoints. Since the pioneering PointNet [67], some deep models
now deal directly with raw 3D data as input and develop architectures to handle raw data. On a specific side,

some rare hybrid methods attempt to benefit from all the previous groups of methods.

2.4.1 Methods based on convolution

Methods in this section are inspired by 2D convolutional kernels [68, 69]. Designing convolution kernels
for point clouds is a challenging task. Convolutional kernels can be split into two categories: continuous and
discrete convolution. KPConv [70] and ConvPoint [71] use convolutions in an Euclidean space. As KPConv
uses continuous convolutions, they can be learned by the network to create deformable convolutions. Of
late, KPConv-X [72] enhance KPConv with an attention kernel. Unlike other methods that rely on dense
convolution, PointCNN [68] employs sparse convolution kernels. Finally, Halperin et al. [73] points out that
applying convolutional operations directly in 3D space can lead to increased inference times due to the increased
computational complexity. Sparse convolutions may offer some benefits in terms of memory efficiency, but they

introduce dilation problems (e.g. convolution spreads values, activating nearby cells that should stay off).
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Figure 2.5: Illustration of five different groups of methods working with point clouds, using a point cloud of a
laptop on a desk as example. Some approaches adapt 2D convolution to in 3D fields (Fig. 2.5b) or use images
to segment 3D point clouds (Fig. 2.5¢). Other methods address the irregularity of point clouds using 3D grids
(Fig. 2.5d) or graphs (Fig. 2.5¢). The most recent techniques work directly on raw point clouds (Fig. 2.5f).
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2.4.2 Methods using 2D images

Image-based methods project a 3D point cloud into multiple views [23]. We can consider two subcategories.
The first uses raw images, acquired directly from 3D scanners or photogrammetric approaches. The second
uses novel views, e.g. creating viewpoints within the scene, to project 3D coordinates onto a 2D plane in
order to reconstruct images. Both aim to take advantage of image deep models to extract features. Then they
either perform classification on images or project features into 3D space for classification. MVCNN [74] was a
pioneering work that first applied this practice to 3D shape model classification. This approach was later extended
to 3D object detection [75] and 3D segmentation of scenes [76]. Despite their time efficiency, these methods rely
on the choice of a viewpoint [23], and they are extremely sensitive to occlusions and image selection. This issue
has been widely studied in the field of surface reconstruction [77], and images can be selected using geometric
priors or, more recently, the attention mechanism. For instance, MVPNet [78] introduces a view selection
using a 2D-3D feature aggregator module and multi-view feature fusion using PointNet++. DeepViewAgg [77]
introduced a method to select the most relevant 2D features based on an attention mechanism. Of late, DITR [79]
argues that the potential of visual foundation models (e.g., models trained on large-scale 2D datasets) for 3D tasks
is largely underestimated. The authors propose an approach for extracting features from visual foundation models
and using them in 3D deep learning architectures. They also introduce a pre-training task, when 2D images are
missing, to distill 2D foundation models onto 3D models. Recently, with the introduction of SAM [19], many

studies have attempted to perform zero-shot semantic and instance segmentation [80, 81].

The methods presented in this section are highly efficient in terms of computational time, as they rely on
few parameters and can employ efficient 2D architectures [73]. However, all image-based methods suffer from
loss of information [73] and well-known challenges such as occlusion and the difficulty of aggregating 2D

features [23].

2.4.3 Methods based on 3D voxels

The methods grouped in this section, also known as “volumetric-based”, tend to address one of the main
challenges of 3D point clouds: their irregularity. These methods project a 3D point cloud onto a 3D grid
(Fig. 2.5d) before applying a 3D Convolutional Neural Network (CNN). VoxNet [82] introduces an occupancy
grid representation for real-time object detection. OctNet [83] proposes a hybrid grid-octree to create hierarchical

partitions and focus computation only on relevant regions to reduce memory footprint. Following previous
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works [84, 85] use sparse voxels to restrict CNN computation to non-empty voxels. Minkowski [86] designs a
library for sparse tensors that enables the processing of large 3D point clouds. Always with the aim of reducing
memory consumption, PointGrid [87] proposes a network that works with a fixed number of points within each
grid. DRINet++ [88] proposes to treat a voxel as a point. By treating each point within a voxel as a “super
point”, the authors reduce the number of operations while implicitly preserving the geometry information. More
recently, PVT [89] proposes to use Transformers on voxels and introduce a sparse window attention to avoid
wasting time to structure the data. OctFormer [90] proposes to compute an octree attention. This ensures an

equal number of points in each window, reducing computational cost while maintaining high accuracy.

Despite being one of the simplest methods to apply deep models to point clouds, voxels (Fig. 2.5d) can lead
to information loss and artifacts at the boundaries of the voxels. In addition, creating voxels is time-consuming,
and [23] notes that choosing the size of voxels can be challenging. Indeed, high resolution is expensive in terms

of computational resources, but low resolution increases loss of information.

2.4.4 Methods based on graphs

Some authors have focused on graph-based deep networks (Fig. 2.5¢) to segment 3D point clouds. Graph-
based networks consider each point of a 3D point cloud as a graph vertex, and then generate edges based on
the point neighborhood. Feature learning can be done in spectral [91] or spatial [92] domains. In the spectral
domain [93, 94], the convolutions are defined by multiplying graph signals by the eigenvectors of the Laplacian
matrix [91, 95]. RGCNN [93] constructs a graph based on coordinates and normal vectors, and considers point
features as signals. RGCNN utilizes convolutions in spectral domains, and the graph is updated during the
feature learning process. PointGCN [94] employs a Gaussian kernel to weight each edge of the graph and
captures global and local structures using global and multi-resolution pooling. In the spatial domain [92, 96], the
vertex features of a point cloud consist of its XYZ coordinates and any additional LiDAR information, such
as intensity or color, while the edge features are derived from the geometric attributes between two connected
points. As a precursor work, ECC [92] employs convolutions on a graph, where each point is considered as a
vertex and is connected to its neighbors by edges. DGCNN [96] constructs a graph in feature space and updates
it at each stage of the network. Then, the authors introduce a novel operation called EdgeConv, which generates
edge features that describe the relationship between a query point and its neighbors. Finally, AF-GNN [97] uses
an attention mechanism to improve semantic segmentation with graphs. Classical graph convolution is used in

the encoder stage, while the attention mechanism is used in the decoder stage to suppress irrelevant information
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from graph neighbors. Of late, SuperCluster [98] considers panoptic segmentation as graph clustering and uses

graphs to enhance panoptic segmentation performance.

However, these methods are mainly limited by their small receptive fields [99] and can face scalability issues
when dealing with large and dense point clouds. Moreover, operations in spectral domains are computationally

expensive when calculating the eigenvectors of the Laplacian matrix.

2.4.5 Methods operating directly on raw point clouds

Previous methods do not work on 3D point clouds they transform 3D points into a different structure in
order to apply deep models. As a pioneering work, PointNet [67] was the first to propose a neural architecture
to work directly on 3D point clouds. PointNet takes as input the XYZ coordinates of the 3D point clouds,
as well as colorimetric information and is able to classify each point. PointNet uses a simple architecture,
invariant to permutation, consisting of a MultiLayer Perceptron (MLP) to learn global features for the point
cloud. However, this simple architecture has limitations. The model is not able to capture the point hierarchy,
has difficulty to capture local structure and struggles to generalize to complex scenes. Following PointNet,
PointNet++ [100] attempts to capture the hierarchy of 3D point clouds, as well as neighborhood features
at different scales. To achieve this, PointNet++ introduces a Set Abstraction layer, which consists of three
steps: 1) sampling the point cloud to determine the centroids; 2) selecting neighbors to determine local
regions; and 3) applying a mini-PointNet to create feature vectors. Since the emergence of PointNet and
PointNet++, a plethora of architectures have been developed to work directly on 3D point clouds. For example,
RandLLANet [101] addresses the challenges of segmenting large 3D point clouds, using random sampling to
improve time efficiency and introducing a local feature aggregation to overcome the risk of deleting key features
during sampling. PointNeXt [ 100] revises PointNet++ to improve performance by introducing data augmentation,
optimization techniques, and model scaling. PointTransformer [102] and Stratified Transformer [103] employ
Transformer architectures to improve accuracy. PointVector [104] introduces 3D vectors in the Set Abstraction
of PointNeXt. PointVector advances the idea that scalars can be replaced by 3D vectors, which are more
expressive for representing features. More recently, PPT [105] tackles the existing domain gap between
3D datasets and introduces a multi-dataset training strategy. PPT relies on prompt normalization for model
adaptation and on text encoder to address the transfer issue. PPT demonstrates improvements when using
multi-dataset training with several backbones. PointTransformerV3 [106] also benefits from this multi-dataset

pretraining [105]. PointTransformerV3 focuses its attention on time saving, and in particular replaces the
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Figure 2.6: Clustering 3D points into regions, such as in the first area of S3DIS, can be achieved using efficient
methods [107].

time-consuming K-Nearest Neighbors (KNN) algorithm with a serialized neighborhood mapping.

In summary, a major challenge for point-based methods is to capture local structure without significantly

increasing computational time, making them less suitable for real-world applications [73].

2.4.6 Methods based on superpoints

Previous methods that work directly on 3D point clouds have a major constraint on large-scale point clouds:
their time-consuming processing. Some studies attempt to reduce this constraint by partitioning the point
cloud. To address the challenge of semantic segmentation of large point clouds, SuperPointGraph [108] first
partitions the 3D point cloud into homogeneous regions called “superpoints”. It then constructs a graph, called a
“superpoint graph”, and segments 3D point clouds using graph convolutions. SSTNet [109] and SPFormer [110]
extend the prior work of SuperPointGraph, employing “superpoint” techniques to improve inference speed during
instance segmentation. While the inference of SuperPointGraph is quick, SuperPointGraph suffers from a long
pre-processing time to prepare the data for training. Based on hierarchical partitioning of 2D images [111, 112],
SuperPoint Transformer (SPT) [107] proposes a method based on multi-scale partitioning. SPT shorten the

processing time compared to SuperPointGraph. SPT benefits directly from the fields of 2D image processing
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and superpixel ideas [113], and use the recent Transformer architecture to improve point cloud segmentation.

However, superpoint based methods can lead to the grouping of points belonging to different classes and

require some resources to create partitions, which offsets their training time efficiency.

2.4.7 Hybrid methods

The previous methods have their own advantages and disadvantages. Methods detailed in Section 2.4.2
(such as DeepViewAgg [77] or DITR [79]) already combine point clouds and images, since they project 2D
features onto a network that work with 3D point clouds as input. Based on these considerations, recent works
have attempted to use multiple representations as inputs to deep models, such as 3DMV [114]. The particularity
of 3DMV is that 2D features learned by 2D networks are projected onto voxels. Segmentation is then performed
using the 3D CNNSs presented in Section 2.4.3. The methods grouped in this section aim to use all the information
available when scanning an indoor environment, such as XYZ coordinates, images. .. to identify objects within
a 3D point cloud. RPV-Net [115] presents a three-branch architecture for the segmentation of 3D point clouds.
This architecture takes voxels, XYZ coordinates, and a range image (i.e., panoramic view) as inputs. The
authors then designed a module to merge features extracted from all these modalities to improve point cloud
segmentation. OmniVec [116] proposes a multi-task learning architecture (such as image recognition, point
cloud segmentation, text summarization, etc.) with different modalities: images, depth maps, video, audio, text,
and XYZ coordinates. They showed that using a joint training on different modalities helps the network to share

information and improves segmentation.

All the methods grouped in this section aim to exploit data information sharing. However, these methods
can lead to an increased processing time and may require the use of multiple data sources, even if they are

unavailable at the time of acquisition.

2.5 3D networks: the lack of annotated data

In this section, we will discuss about the difficulty labeling 3D. Then, we present some strategies that reduce

reliance on human labels.

2.5.1 Collecting 3D datasets
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(a) Top view of area 5 of S3DIS colorized by class. (b) Top view of a scan from ScanNet, colorized by class.

Figure 2.8: Top view of 3D point clouds from two commonly used datasets for indoor point cloud segmentation:
S3DIS (Fig. 2.8a) and ScanNet (Fig. 2.8b). In these two datasets, the classification does not accurately represent
the diversity of objects in the real world, and some objects are grouped into larger structures (e.g. switches are
included in walls).

Since this thesis tackles the segmentation of objects 4 ‘ J &

within large-scale indoor point clouds, this subsection only

presents datasets for indoor semantic segmentation. We do -~ H * J % ‘ %

not focus on indoor datasets containing objects (Fig. 2.7),
Figure 2.7: Different objects shapes from the

although such datasets are often used as benchmarks for pre- ShapeNet dataset [3].

trained deep models [3, 117, 118]. A comprehensive review

of such datasets can be found in Guo et al. [23]. The methods presented so far are supervised methods; i.e. they
require labels. Supervised learning requires a large amount of labeled data to achieve high semantic segmentation
accuracy. Despite advances in deep learning segmentation and the accessibility of 3D acquisition, many methods
still rely on large annotated datasets (Fig. 2.8). However collecting and especially labeling 3D data is a complex
task. As discussed in Section 2.4, 3D point clouds present several challenges characteristics compared to
images, including sparsity, occlusion, and high size. Compared to image labeling, 3D point cloud labeling is
time-consuming and reserved for expert users [119, 66]. This labor-intensive work [66] has been carried out
due to the class limitation in existing datasets and the limited size of these indoor datasets. Consequently, 3D
datasets do not reflect the real-world distribution of objects. As we can see in Table 2.1, popular 3D point
cloud segmentation datasets are limited in terms of classes, except for ScanNet++ [39]. The two most used

datasets for indoor point cloud segmentation, S3DIS [120] and ScanNet [121], the number of classes is limited
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Table 2.1: Comparison of the characteristics of point cloud datasets from the literature. Note that 3DSES [/] is a
contribution of this thesis and is presented in Chapter 4.

Name Environment Classes Extent Points (M) Intensity 3D model Source
S3DIS (1) Indoor 13 6020 m? 273 X X Camera
Matterport3D (131 Indoor 20 219 399 m? - X X Camera
ScanNet (1] Indoor 20 78595 m? 242 X X Camera
ScanNet200 (132 Indoor 200 78 595 m? 242 X X Camera
ScanNet++ () Indoor 1733 15000m? 446 X X TLS
LiDAR-Net 1133 Indoor 24 30 000 m? 3619 X X MLS
InLUT3D (14 Indoor 18 - 3500 X X TLS
3DSES Gold 7 Indoor 18 101 m? 65 4 4 TLS
3DSES Silver 7 15 Indoor 12 304 m? 216 4 (4 TLS
3DSES Bronze ¥ 1y Indoor 12 427 m? 413 4 4 TLS
ScanNet++v2 Indoor 3470 - - X X TLS

to 13 and 20 classes, respectively, and does not represent the real diversity of objects in 3D point clouds.
Meanwhile, precursor image segmentation datasets, such as PascalVOC [122] (20 categories) and COCO [123]
(80 categories) surpass S3DIS and ScanNet. ImageNet1K [17] with its 1000 categories surpasses all datasets
except ScanNet++. Datasets introduced in recent years, such as Openlmages (over 350 categories) [124], LVIS
(1,200 categories) [125] for instance segmentation, and ImageNet21K [126] with its over 21,000 categories, far
surpass all indoor point cloud segmentation datasets, even the largest ones. As we can see in Table 2.1, the order
of magnitude of 2D classes is greater than that of the majority of 3D dataset classes. Most existing 3D datasets
contain a small number of classes, even tough some papers attempt to tackle this human effort in creating point
cloud segmentation datasets. The ScanNet authors introduce a pipeline based on crowdsourcing to annotate
point clouds. They develop a user-friendly interface to enable non-familiar persons to label point clouds. They
also rely on reduced mesh and over-segmentation [127] of this mesh, to produce a lightweight product for the
annotations. ScanNet++ reuses this pipeline to annotate more clouds to more precise categories. Another strategy
to reduce annotation effort is to overlay 3D scans [38]. This allows annotators to label multiple scans in a single
pass. On the other hand, [128] exploits virtual reality to design a tool that simplify human labeling. The authors
segment persons and objects, while more recent papers adapt this process for large point clouds [129, 130]. Even
though this method simplifies annotation and makes it more user-friendly, it still requires significant resources to

use virtual reality.

The low number of classes is not the only characteristic of indoor point cloud segmentation. Another concern
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(a) Overview of PSNet5 Area 2 with color. (b) Overview of PSNet5 area 2 colorized by classes.

Figure 2.9: Overview of PSNet5 area 2 dataset with color information (Fig. 2.9a) and class information (Fig. 2.9b).
Legend: I-beam in dark green, rectangular beam red, pipe in light green, pump , tank in dark blue.

is the area. We can see in Table 2.1 that larger datasets are correlated with photogrammetric acquisitions [ 120,
131, 121, 132]. More recently, some datasets tend to use TLS, e.g. ScanNet++ [39], InLUT3D [134]. However,
radiometric information is only provided for one dataset using TLS: 3DSES [1]. Note that the 3DSES [ 1] dataset

was developed during the course of this thesis and will be presented in detail in Chapter 4.

The previous conclusions also hold valid for industrial point cloud segmentation datasets. Fewer point-
labeled point clouds are open source for this type of environment. For example, CLOI [135] contains oil and gas
point clouds, but it is not open source. The EIF [136] dataset contains industrial objects such as valves, tees
and pipes, but does not contain an entire scene. As we can see in Fig. 2.9, PSNet5 [137] only contains partial
scenes of 4000 m? of an industrial site. It consists only of beams, pipes, pumps, and tanks. This dataset does not
contain any other industrial elements and is missing structural elements such as floors and walls. It also contains

a small number of points, around 80 million.

Annotation Time According to the authors, annotation of SemanticKITTI [38], including corrections, took
a total of 1700 hours. For indoor scenes, ScanNet [121] reported an average of 22.3 minutes per scene (i.e., more
than 500 hours for the entire dataset) using a process on Amazon Mechanical Turk with only twenty classes. For
a larger dataset in terms of area and classes, ScanNet++ [39] required one hour per scene to produce more than
1,000 categories. This is similar to the time required to annotate high-density TLS point clouds from 3DSES [1],
as explained in Chapter 4. LIDAR-Net authors required 550 hours to annotate their MLS point cloud dataset,
focusing on twenty-four classes. This highlights the difficulty of annotating 3D point clouds, which explains

why point cloud datasets have a limited number of categories and cover small areas. As shown in the previous
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paragraph, the annotation time does not favor the development of indoor point cloud datasets. To overcome
the lack of labeled data, it is possible to create synthetic data on which to train deep models. Researchers have
also explored alternative approaches that do not rely on extensive labeling. This includes weakly supervised
learning methods (Section 2.5.2), which use a small number of labels, and self-supervised learning methods

(Section 2.5.3), which can operate with no labels at all.

2.5.2 Weakly supervised methods

Weakly supervised learning can be divided into three categories [138]: incomplete supervision (i.e. with a
small number of labels), inexact supervision (i.e. labels not as exact as desired) and inaccurate supervision (i.e.

some labels suffer from errors).

Guinard et al. [139] employ a conditional random field classifier for weakly supervised tasks, however, this
approach struggles to capture context. Xu et al. [140] observe that the gradient of incomplete supervision is close
to fully supervised gradient (i.e., it is a good approximation). Then, they design a complex architecture with
several branches to learn segmentation from a few labeled points. They showed promising results on point cloud
datasets, and that 10 percent of points is enough to approximate the full gradient with their model. However,
their method is not designed to deal with large-scale point clouds and is limited to instances of small-scale point
clouds (due to the lack of a topological relationship and the computational complexity [141]). In the context of
weakly supervised learning, some studies [ 140, ] highlight that it is better to have one or more labels per
object rather than fully annotating a part of the dataset. For instance, Hu et al. [ 142] show that annotating only
0.1% of a room in S3DIS takes only two minutes instead of twenty minutes for full labeling. SQN [142] employs
RandLA-Net [101] to perform large-scale weakly supervised segmentation. SQN uses the RandLA-Net encoder
to extract features from the entire point cloud, as well as a query network that selects relevant features for a query
point. While presenting a simple approach, SQN underperforms older RandLLA-Net on six-fold validation on
S3DIS. PSD [143] introduces a self-distillation framework with two branches: one for the original point clouds
and one for perturbed point clouds. Despite achieving close IoU to supervised methods, PSD may be limited by
its affinity matrix when processing large point clouds. HybridCR [144] designs a contrastive network and mainly
relies on data augmentation. Of late, WSPCSS [145] addresses label sparsity using 2D images and SAM [19]. It
uses SAM to create artificial labels and augment the initial sparse labels of 3D point clouds, and then applies
active learning. However, using images induces projection errors, and SAM may introduce incomplete 2D masks.

Moreover, 2D images are not available alongside all point cloud acquisitions. Despite promising research in this
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field, these methods perform worse than supervised methods and are bounded by the information provided by
sparse labels [145]. Furthermore, most existing methods rely on complex training frameworks [ 144, ], with

multi-stage processes that are not suitable for practical applications.

2.5.3 Self supervised methods

The deep models presented in this section are largely driven by advances in image self-supervised learn-
ing [146]. To cope with the lack of large annotated datasets, some studies have focused on self-supervised
learning. This learning is used to pre-train networks before fine-tuning them for downstream tasks. However,
these pre-trained features can be leveraged to reduce the number of labels in a dataset, and thus the labeling

effort required to create a dataset.

Object level pre-training The first works to apply self-supervised learning to 3D point clouds focused on
objects rather than scenes. For example, FoldingNet [147] uses an autoencoder architecture for unsupervised
learning on ShapeNet [148]. Following PointBert [149], PointMAE [150] applies the principle of masked
autoencoding to 3D point clouds. PointMAE randomly masks a portion of the 3D cloud and then uses an
autoencoder to retrieve the masked XYZ coordinates of the object. I2P-MAE [151] uses image knowledge
to guide the 3D mask autoencoding task. Recently, 3D-JEPA [152] applied the concept of Joint Embedding
Predictive Architecture (JEPA) introduced by Lecun [153]. While previous methods attempted to reconstruct the
raw XYZ coordinate data, 3D-JEPA objective is the abstract semantic representation. Additionally, 3D-JEPA
creates “target” blocks from a point cloud at a smaller scale, while also randomly selecting a “context” block at

a larger scale that provides global information.

Scene level pre-training PointContrast [ 154] pretrained a model on ScanNet [121] then fine-tuning it on
several datasets. PointContrast selects point-cloud pairs (i.e. with an overlapping superior to 30%) on ScanNet
and trains a registration task, based on FCGF [155]. The authors demonstrate that pre-training on large datasets
helps improve final model accuracy on downstream tasks. Unlike PointContrast, which is limited to existing
RGB-D scans, MSC [156] works directly on the 3D point cloud and generates pairwise frames. Based on
SimCLR [157], MSC introduces a wide range of augmentations (such as random brightness, saturation and
rotation). GroupContrast [ 158] highlights that previous methods discard semantic correlation when generating
distinct views, and proposes a semantic guidance during the learning. Contrastive Scene Contexts [159] revisits

PointContrast and divides the point clouds into several regions, before applying contrastive learning. Then
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e

Figure 2.10: The Sonata model demonstrates its ability to extract semantic features from PCA (Principal
Component Analysis) representations of 3D point clouds in 3DSES. A quick glance at the figure reveals distinct
groups of points, such as ceiling and slab.

it uses an active labeling strategy to performs instance segmentation. Recently, Sonata [160] highlights that
previous methods completely fail when using linear probing (i.e., freeze the entire backbone and train only a new
head), compared to training from scratch. Sonata advances the idea that previous models primarily learn spatial
features (e.g. height and normal) rather than semantic features. Sonata proposes a self-distillation approach,
where a teacher model works on global views and a student model learns from local views. Furthermore, Sonata
expands the multi-dataset strategy introduced in PPT [105] to new datasets for a total of 140,000 point clouds.
Then Sonata is trained on these 140,000 point clouds, enabling metrics close to state of the art when using linear
probing (<0.2 million parameters). Sonata demonstrates zero-shot ability to express the semantic meaning of a

scene (Fig. 2.10). Despite this promising approach, Sonata relies on color and was trained using 32 GPUs.

The lack of annotated data, especially regarding small objects, plays a crucial role in our work. Despite
recent advances in weakly and self supervised learning, these methods still present limitations. As we prefer
to rely on supervised methods, the following chapters present our approaches to deal with the scarcity of 3D

labeled data in order to improve deep segmentation accuracy.
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Abstract

Prior to deep learning, handcrafted features and methods based on rules were the only tools available to
enrich 3D point clouds. However, new deep models tend to overlook classical geometric features used
in photogrammetry, despite the fact that they could benefit model training and improve segmentation
accuracy. We show that incorporating geometric features, such as linearity, omnivariance, and curvature,
can enhance deep semantic segmentation of 3D point clouds on several indoor datasets. To improve the
robustness of such models to scenarios where these features are unavailable, we introduce “DropFeatures”,
a regularization strategy that randomly removes geometric features during training. We show that this not
only prevents catastrophic performance drops when features are missing at inference but can also improve
performance by acting as data augmentation. In order to benefit from previous surveyor acquisitions, which

include XYZ coordinates and intensity, we conduct experiments on radiometric features, the intensity.

(a) Point clouds colorized by intensity (b) Point filtered based on local curvature

Figure 3.1: Handcrafted features can help to identify interesting points, such as those on corners. Specific to
LiDAR acquisition, another features can be available the intensity. Example from 3DSES [1].



3.1. HANDCRAFTED FEATURES IN THE ERA OF DEEP LEARNING

3.1 Handcrafted features in the era of deep learning

Over the years, advancements in acquisition techniques have democratized the use of three-dimensional (3D)
data. Older methods for creating a 3D point clouds often relied on photogrammetric approaches. However,
recent improvements of 3D sensing methodologies have rendered the acquisition of three-dimensional data
more intuitive and straightforward. The advent of 3D reconstruction devices, such as LiDAR and time-of-flight
cameras, has significantly facilitated the acquisition of 3D point clouds. Nevertheless, during their acquisition,
land surveyors may not have access to colorimetric information, due to the additional time often required to
record images. As discussed in Section 2.2, TLS measures are based on laser emission, which enables the record
of an intensity. Therefore, the majority of scans only have XYZ coordinates and intensity (cf. Fig. 3.1a). Yet,
the intensity has not been well studied in deep models, due to unclear preprocessing by manufacturers [43],
difficulties in normalizing [42, 43], and its absence from most indoor datasets (cf. Section 2.2 for further details).
Furthermore, if we want to benefit from all previous point cloud data from land surveyor companies, we are
restricted to XYZ coordinates. Therefore, a value correlated with the object’s reflectance would be very useful to
improve the accuracy of deep models. Another alternative is to rely solely on XYZ coordinates. Handcrafted
features allows for the effective use of local structures in a neighborhood (Fig. 3.1b). Geometric features are
contingent on 3D coordinates, while other information, such as color or intensity, is acquired by the scanner and
may not be available due to the acquisition process. Furthermore, these geometric features confer the benefit of
not requiring a substantial volume of data for the training of deep models [23], which can be beneficial for land

Surveyor companies.

As introduced in Chapter 2, first semantic segmentation methods relied upon local neighborhoods, with
handcrafted rules being used for feature extraction [161]. Subsequently, machine learning was used to classify
3D point clouds such as Support Vector Machine (SVM) [61], Random Forest [12], and Markov Random
Field [64]. Nevertheless, the process of features extraction by hand has limited capacity for feature expression,
a constraint that is especially pronounced in complex scenes. This limit is due to its heavy reliance on expert
knowledge [161]. Advancements in computing and data processing have made deep learning more applicable to
point cloud analysis. Presently, the majority of deep learning approaches focus developing new architectures by
integrating of modules that extract more relevant local and global features. This tendency has mostly resulted in
an augmentation of the number of network parameters and a concomitant increase in computational complexity.

This may be unreasonable for land surveyor companies, which may not have high computational power, and do
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Anisotropy Linearity Surface Variation

(b) Office 1 of S3DISAreal

(g) S168 of 3DSES (h) S168 of 3DSES (i) S168 of 3DSES

99 ¢

Figure 3.2: Overview of three geometric features: “Anisotropy”, “Linearity” and “Surface variation” on three
point clouds from three datasets: S3DIS, ScanNet and 3DSES.

not want to rely on external providers to carry out their point cloud processing.

Since deep networks automatically learn representations, classical feature engineering derived from signal
processing has largely faded from the relevant literature. Nevertheless, some state-of-the-art methods have tried
to shift their focus from developing new architectures to addressing other factors, such as integrating color
information from RGB images, improving training strategies [100], or incorporating prior knowledge about local
geometry [107, 162]. In DC3DCD [163], the authors trained a deep model to detect and classify changes in 3D
point clouds. They also demonstrated that adding handcrafted features to deep models improves performance.
For these reasons, we investigate whether geometric features are still relevant in the age of deep learning for

semantic segmentation of indoor 3D point clouds. Previous works [164, 165] introduced local descriptors such
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LIRS LT3

as “linearity”, “planarity”, “anisotropy”, and “omnivariance”. Fig. 3.2 illustrates some of these handcrafted
features, and provides a visual representation of how these features can help distinguish different elements. For
example, “linearity” helps to identify linear structures in point clouds. This chapter explores different sets of
features based on the local neighborhood of point clouds in a variety of datasets. However, the computation
of geometric features during inference can be time consuming, especially for large and dense point clouds. In
practice, all desired geometric features may not always be available during testing. To address this practical
challenge, we introduce a random reset strategy (see Section 3.3), similar to Dropout [166], that randomly resets
the geometric features to zero during the training. This enhances the robustness of the models, leading to deep
networks that can benefit from geometric features when they are available, while maintaining accuracy in their

absence. Finally, in Section 3.5, we attempt to calibrate the intensity from several scanners.

3.2 Previous work

Geometric features are numerical descriptors that describe the local geometric properties of 3D point clouds.
In most cases, they focus on describing the spatial neighborhood around a point, producing a feature vector that

can be used in statistical models for classification, reconstruction, etc.

3.2.1 3D neighborhood

One of the core problems in extracting geometric features from 3D point clouds consists in determining what
is an optimal neighborhood around a point. A neighborhood that is too large will misrepresent the geometry
of the object surrounding the point of interest, while a neighborhood that is too small will contain too few
points to be statistically representative. Various strategies have been introduced over the years to select an
appropriate neighborhood for 3D point cloud classification. This selection step is crucial for geometric features,
given its impact on their accuracy, but also their compute and memory costs [165]. The neighborhood of a
point can be defined as its k-nearest neighbors using the Euclidean distance in 3D space [167]. This results
in a fixed number of neighbors, also can lead to defining as neighbors points that are quite far away if k is
large or the point cloud is sparse. Alternatively, the neighborhood of a given point can be defined as all the
points inside some geometrical shape. A classical approach consists in defining the neighborhood as the points
inside a sphere of a fixed radius  [168]. It’s also possible to define a cylindrical neighborhood [169], projecting
3D points onto a 2D plane and keeping points inside the 2D disk of radius r. These methods have the main

drawback of defining neighborhoods using a unique scale parameter, either expressed as a fixed radius r or a
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number of neighbors k. Consequently, setting this parameter requires prior knowledge of the scene. Furthermore,
because this parameter is uniform across the entire scene, it does not account for the varying density of the
point cloud, e.g. mixing sparse and dense regions. In practice, this has led to dataset-specific tuning of the
neighborhoods to deal with the characteristics of each point cloud. Recent works [164, ] have shown that
classification of different objects could benefit from different neighborhood sizes, emphasising the need for
data-driven approaches to determine optimal neighborhoods. Some works have addressed this issue by moving
to multi-scale neighborhood methods, extracting multi-scale features at different neighborhood sizes [27, ].
Multi-scale methods allow the classifier to select the most suitable scale for each individual point in 3D point
clouds, avoiding to rely on a single suboptimal neighborhood definition. In practice, multi-scale approaches rely
on the usual k-nearest neighbors definition, although considering multiple values for k. Other works have chosen
a different path. Rather than focusing on the search of the optimal value of k, some methods try to define the
optimal neighborhood based on geometric features themselves [29]. Typically, this consists in computing the
geometric features at different scales and then choosing which neighborhood has produced the “best” features,
based on some criterion: Shannon entropy [164, ], surface variation [172], local curvature [173], local
density [174], etc. For instance, the omnivariance criterion (defined below in Table 3.1) can be used [29], i.e.,

choosing the number of neighbors that minimizes the omnivariance of the neighborhood.

3.2.2 Geometric Features

Geometric features refer to point cloud descriptors based on local neighborhood structures. These handcrafted
features were previously the standard for point cloud analysis. Since estimating the surface curvature and
identifying the points of maximum curvature help to detect edge points [175]. Moreover edges on segmented
surfaces of 3D objects can be found using curvature [176] while local information variance [177] helps to
classify TLS point clouds. Techniques, such as feature extraction and sampling, were presented to build an
indoor mapping system [178]. These geometric descriptors are fed into statistical models for various tasks,
e.g. point cloud classification [179, ]. In this section we will describe some of the most commonly used

geometric features.

Covariance-based features Most geometric features are derived from the covariance matrix of the points
inside the neighborhood [27], although other handcrafted features have been introduced in the literature [164].
More precisely, geometric features first build upon the 3 x 3 covariance matrix computed on all the points

belonging to the neighborhood of interest. The purpose of the covariance matrix is to evaluate how each
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Table 3.1: Commonly used handcrafted geometric features and their interpretation.

Features ‘ Expression Interpretation

Linearity (L) (A1 —A2)/(A1)  Increases around linear objects. Example: lamp posts, elec-
tric cables.

Planarity (P) (A2—2A3)/(A1)  Increases near 2D planar structures. Example: walls, floors,
roofs.

Scattering (S.) (A3/ A1) Increases around spherical structures. Example: helps detect
rain gutters.

Omnivariance (O) VAL Ay A3 Describes the distribution of points in the neighbourhood.

Example: trees are not uniformly distributed in 3D neigh-
bourhood, contrarily to smooth surfaces such as walls and

floors.
Anisotropy (A) (A1 —2A3)/(A1)  Increases around edges and corners. Represents how a surface
behaves differently in different directions.
Sum of eigenvalues (S,) M+A+ A3 Represents the total variance of the neighbourhood.
Surface variation (S,) A3/(A1 4+ A2+ A3) Increases around curvature changes in the local surface.
Verticality (V) 1— ‘ ([0,0,1 ,e—3>>‘ Increases when the local structure has a vertical trend.
Normals (N) e Defines the local surface plane and allows to distinguish

surface orientation.

dimension of the local neighborhood deviates from the mean with respect to each other [181]. Let i denote the
index of the query point p; in a point cloud P and let N denote its number of neighbors. The covariance matrix

¥; of the neighborhood around point p; is given by:
1Y 1Y
L= L (pi=p)-(pj=p)" with p==-3 p; (3.1)
j=0 j=0

Let (e1, ez, e3) denote the eigenvectors of the covariance matrix X; and (l] > A > }L3) denote its eigenvalues.
From there, we can define some of the most common geometric features used for 3D point cloud classification,
e.g. linearity, planarity, scattering. .. These descriptors and their formulas are detailed in Table 3.1. Another
commonly used set of handcrafted features are the normals to the point cloud. For each point p;, its normal 7;
represents the direction of the perpendicular vector to the best-fitting plan of its neighborhood [29]. A classical
way to compute the normals is to compute the covariance matrix, extract the eigenvectors and use n; = e3, i.e.
define the normal as the third eigenvector [181, ]. Normal estimation has then grown into its own topic of
interest. For example, the Randomized Hough Transform is employed to estimate normals [183]. Later works
use deep learning to compute normals, e.g. projected a discretized Hough space (representing the direction of the

normals) onto a structure suitable for deep learning [184], and used deep models and multi-scale edge refinement
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to improve accuracy [185]. These methods offer a compromise between precision and speed, allowing accurate
estimation of normals at the cost of time. Although there are several other methods to obtain normals, their

specific computation is outside the scope of this work.

Handcrafted features and 3D deep learning A few works have explored the incorporation of handcrafted
features into deep models for 3D point cloud classification and segmentation. 3D deep models not only use RGB
color information from images in addition to XYZ coordinates, most of them also include normals [67, 100, 186]
to improve accuracy. However, some models also include additional handcrafted features. For example,
PointNeXt [100] augments the XYZ coordinates and RGB information with an ad hoc “height” information,
defined as the difference between the z-coordinate of the point and the minimum value of the z-coordinates for
the entire point cloud. This feature significantly improves object classification accuracy by allowing the model to
distinguish object sizes. In S3DIS, a widely used indoor semantic segmentation dataset [120], appending height
information increases mloU. RepSurf [162] introduces its own novel representation for encoding point clouds as
input to deep models. It focuses particularly on the representation of local structures: Triangular RepSurf and
Umbrella RepSurf are based on triangular meshes and umbrella curvature, respectively. They showed that the
triangular representation has a limited receptive field and can lead to the misrepresentation of local structures,
while the umbrella curvature actually expands the perceptive field of the models. SuperPointTransformer [107]
is another notable work that leverages geometric features to represent point clouds. It clusters points into
hierarchical partitions based on XYZ coordinates and handcrafted features. In addition, these features are also
used to train semantic segmentation deep models. The authors report that the removal of these handcrafted
features has a detrimental effect on model performance. Overall, it is noteworthy that geometric features are
still relevant for point cloud segmentation in the era of deep learning. In this work, we investigate the impact of

geometric features on the performance of recent deep models and how to make the most of them in practice.

3.2.3 Resetting strategies

Dropout and variants Randomly resetting values to zero is a classic tool used in deep learning as regu-
larization. Srivastava et al. [187] originally showed that the overfitting problem that arises during the training
of deep models can be mitigated by implementing a technique known as Dropout. This technique consists in
randomly “removing” neurons during the training of a deep model by setting their activations to zero, thereby
preventing the co-adaptation of activations. Dropout has become a staple of deep learning and is an effective

regularization as demonstrated through improvements in the performance of various tasks, including speech
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recognition and vision. Multiple variants have been designed upon the foundations laid out by Dropout. For
example, DropConnect [188] implements a similar idea, although it randomly sets weights to zero instead of
activations. DropPath [ 189] randomly sets to zero activations for entire layers to prevent co-adaptation of parallel

paths on very deep models and was introduced as an alternative to residual networks.

Dropping inputs Some works have also investigated resetting the inputs of the model to improve its
robustness. In computer vision, some techniques such as CutOut randomly erase pixels inside square or
rectangular selections by setting them to a constant value [190, ]. Similarly, DropBlock [192] randomly
sets entire regions of the activation map in convolutional neural networks (CNN) to zero, erasing not only the
inputs, but also the higher-level features. In the context of 3D point cloud segmentation, PointNeXt [100] was
the first to implement a similar technique. It introduced “color drop”, a regularization that randomly resets the
RGB colorimetric information to zero with a fixed probability. The authors proposed color dropping as a data
augmentation strategy, and was one of the major sources of improvement in S3DIS. This strategy has now been
incorporated into novel deep models that have demonstrated superiority over state-of-the-art methods in point
clouds semantic segmentation, as exemplified by Swin3D [186]. However, what is missing point is that this
random color drop makes deep models more robust to missing RGB data. Not all 3D point clouds are colored,
and using a dropping strategy for color input makes pretrained models more versatile. In this work, we extend

this idea to DropFeatures, a reset strategy that covers the full set of geometric features.
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3.3 Local features for deep models

Our goal is to provide a general framework for adding handcrafted geometric features to 3D deep models for

point cloud segmentation. This section will answer two questions:

1. How to compute and integrate geometric features as inputs to the model on the fly?

2. How to train models that can also be used at inference time without the geometric features?

3.3.1 Batch sampling

Let P denote a color point cloud containing N points:

xtoyoz o g b
. 62)

XN YN IN F;v g;v b;v
Because N is large, the entire point cloud generally does not fit in memory when training deep models. The
3D point clouds are therefore downsampled, often by voxelization. The 3D space is discretized into voxels

of a given size (Ax, Ay, Az), generally around a few centimeters. Each point p; = (x;,y;,z;) is mapped to voxel

coordinates v; = (vy,,vy,,v;) Where:

by, = KEJ vy, = ByJ Vo, = KZJ (3.3)

where | * ] denotes the floor function. In practice, only m points are fed as input to the deep network, typically
m = 24,000. This is achieved by selecting uniformly at random a voxel v; and its m — 1 closest voxels. Let &;
be the set of points that map to the j-th voxel v;. To preserve the diversity of the original point cloud, the final
point p; that is included in the batch is sampled uniformly amongst &;, i.e. amongst points inside the voxel v;.
In practice, this means that the inputs to the deep model are the coordinates of these m points and their RGB

color information, i.e.:

Xy Yio % ri, &, b
Xiy Yy Zy i, &, b

Xe=|. . | G=|. . ) (3.4)
Xip  Vin  Zin Tiw i bi,

It is common to normalize the coordinates by subtracting the minimum coordinate for each column. The final

batch By, is obtained by concatenation:
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B, =X, ®Cy (3.5)

Additional features Fy, i.e. geometric features such as normals, can be propagated in the same way.
3.3.2 Data augmentation

Most deep architectures leverage data augmentation to improve model performance [ 100, , ]. Data
augmentation involves applying transformations to the input of a deep model to increase the diversity of the
dataset, with the aim of improving performance. In the case of 3D point clouds, data augmentation techniques
often include translation, rotation, jittering and scaling. As a result, the coordinates of 3D point clouds undergo
various transformations. For example, PointNeXt [100] applies random translations and rotations to the 3D
point clouds when training the deep model. These transformations affect the XYZ coordinates X, but leave the
additional RGB color information C; untouched. However, the geometric features F; we are interested in are
neither invariant nor equivariant to these augmentations. Therefore, we must be cautious about integrating the
geometric features into deep models that depend on data augmentation. In fact, since geometric features are
derived from the local neighborhood of the points, applying transformations to the 3D coordinates will change
the neighborhood, the covariance and thus the features. As a result, geometric features may not remain consistent
with the original 3D coordinates. Consequently, we have two options for integrating geometric features into the

augmentation pipeline:

1. Determine how data augmentation affects XYZ coordinates and neighborhood, and augment the features
along with the points;
2. Perform data augmentation on XYZ coordinates first, and then compute geometric features on-the-fly on

the augmented batch.

Option 1 is unrealistic, as some data augmentation (e.g. jittering) will affect the neighborhoods and therefore
change the covariance matrices. For this reason, we turn to option 2: on-the-fly computation of geometric

features.

3.3.3 Online geometric feature extraction

Traditionally, geometric features are computed offline, i.e. the features are computed on the entire point
cloud as a preprocessing step. Previous work first determine the neighborhoods for each point, then estimate the

covariance matrix and finally compute local geometric features and store them alongside the XYZ coordinates.
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However, 3D point clouds are heavy data, so this approach is time and memory consuming. In addition, there
are acquisition scenarios where point clouds are acquired incrementally, e.g. using mobile Lidar in autonomous
driving [ 193] or indoor navigation [133]. It also means that if the point cloud dataset changes, the preprocessing
has to be done again, as any change in the 3D coordinates alters the whole structure of the point cloud, requiring
the computation of neighborhoods and covariance matrices. To deal with this, we used the nearest neighbors and

the previous Eq. (3.1) to compute the covariance matrix directly on the batch of point clouds X;.

Let By be the k-th batch of points in the dataset, with m being the batch size. Let (x;,y;,2;)1<i<m denote the 3D
coordinates of the point selected in the batch, (r;,g;,b;) denote their color information, and f; = (£, f?,..., f!)

represent the vector of / additional geometric features (e.g. linearity, planarity, normals, etc.). The batch By is

obtained by concatenating the three matrices Xj, Cy, Fy, as follows:

x1 yr oz |n & b Lo S
X2 v 2| |n g b |A o A
By=|. . |e. . el T . . (3.6)
: Do : : b. L :
Xm  Ym Im 'm 8m m Jm I Jm
Xk Ck Fy

where @ denotes the matrix column-wise concatenation.

Instead of relying on a precomputed online set of features Fj, we compute the geometric features on-the-fly
directly from the 3D coordinates of the batch X;. This means that, instead of finding the nearest neighbors in the
original (full-density) point clouds, we find the k-nearest neighbors in the subsampled point clouds for each point
of the batch. We then follow the mathematical expression described in Table 3.1 to determine the geometric
feature vector Fy ; for each point p;, where the neighborhood is restricted to points belonging to the batch. As the
points correspond to a subsampled point cloud, we have found that a neighborhood of k = 50 points is sufficient
in practice. This allows us to integrate geometric features in combination with any data augmentation. For
example, the “jitter” augmentation, which adds random noise to the XYZ point coordinates, can be used with
our online features, because we compute the features after the transformation. We implement this on-GPU using

PyTorch3D [194], which adds a negligible overhead both in train and inference.!

Normal exception As the normal vectors are prevalent features in the 3D deep learning literature, many

datasets already integrate them natively. Most data augmentations have a natural effect on the normals, i.e.

'Thanks to asynchronous batch loading, features are computed even before the previous batch has finished being processed by our
models. Overhead for LPS.V is inferior to 2 seconds when testing over a full point cloud takes around 1 minutes with Swin3D [186].
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rotating points also rotate the normals in the same way. For this reason, and for the sake of comparison with
existing methods, we either use the provided normals or recompute them offline on the full point cloud for

greater accuracy.

3.3.4 Features reset strategy

DropFeatures is a regularization technique for 3D deep models that relies on randomly resetting features
in the inputs. As stated previously, geometric features can be time-consuming and computationally expensive.
Therefore, they may not always be available at test time, when we want to use a trained model to predict labels
for new point clouds. However, if we train a deep network on XYZ coordinates and features, and then remove the
features at test time, the performance drops significantly. Therefore, our objective is to develop a reset method

that ensures that the model performs well even when it is used without access to the geometric features.

DropFeatures We define DropFeatures as the reset operation that randomly replaces the row values of the

matrix F with zeros. The reset operation is applied to the features f; of the batch By as follows:
F/ =reset(F,p) = 6 - Fy (3.7

where 0 is a random variable distributed according to Bernoulli’s law with parameter p, i.e. § = 0 with
probability p and 1 otherwise. Compared to other “drop” reset techniques, DropFeatures resets the features for
the entire batch. This is because the features of neighboring points are correlated. So, the model might otherwise
be able to reconstruct the missing features based on the other points in the batch. If p = 0, DropFeatures has no
effect and is the same as training the model using XYZ, RGB and the features. If p = 1, it is the same as training
the model with XYZ and RGB only. p is the only hyperparameter of the method, and its tuning is discussed in

the experiments section (Section 3.4.3).
3.4 Increase deep accuracy with handcrafted features

3.4.1 Experimental setup

In this section, we will describe the datasets and models used to see how well handcrafted geometric features
can improve the accuracy of 3D point cloud semantic segmentation when performed with deep models. Despite
the willingness to use only XYZ coordinates, to be as close as possible to older land surveyor point clouds, we

include RGB in our experiments for comparison with literature baselines. Note that color dropout occurs with
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Table 3.2: Indoor datasets used to evaluate the contributions of geometric features on point clouds segmentation.
Note that 3DSES [ 1] is composed of three dataset variants, each with a different number of points (see Chapter 4
for more details).

Name Environment Source Colors Points
S3DIS (o0 Indoor Camera 4 273
ScanNet 121 Indoor Camera 4 242
3DSES 1 Indoor TLS 4 [65,216,413]

all deep models tested in this chapter.

We focus on three datasets: S3DIS [120], ScanNet [121], and 3DSES [1]. These three datasets all contain
indoor scenes, but they cover different types of areas, have been acquired with different sensors and have different

levels of point density (see Table 3.2).

S3DIS [120] covers six indoor areas for a total of 273 million of points, 6000 m? and 13 classes. The 3D data
and RGB information were collected simultaneously using structured-light cameras. This is a staple of 3D deep
learning, but the evaluation focuses mostly on area 5, which is not necessarily representative of generalization.

Instead, we follow [107] and instead perform an exhaustive 6-fold cross-validation over all the areas.

ScanNet [121] is a dataset consisting of 1513 RGB-D scans acquired within 707 indoor rooms. It contains
both 2D and 3D data with a high point density. It has been annotated at the point level for 20 classes. ScanNet is
divided into three parts: one for training, one for validation, and one for testing. As the test labels for ScanNet
are not public and are used for scoring on a private leaderboard, all the results presented are from the validation

set.

3DSES [1] is an indoor Lidar dataset designed for two point cloud tasks: 3D semantic segmentation and
3D reconstruction. Further details on the 3DSES dataset are provided in Chapter 4. There are three versions of
3DSES, each with different areas and semantic diversities. 3DSES has a dual annotation format: semantic labels
and semantic pseudo-labels, obtained using a model-to-cloud alignment algorithm. For the Gold * and Silver 7
versions, the deep models were trained on real labels and then tested on hidden real labels from the 3DSES test
set. Bronze ¥ contains only pseudo-labels to train the models, and evaluations were always performed on real

labels from the test set.
Geometric features computation We compute the geometric features online using a pipeline based on
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PyTorch3D [194] to compute the features at the batch level. As PointNeXt and Swin3D sample batches after
voxelization, we defined neighborhoods using k-nearest neighbors with k = 50. This allows us to have enough
points to compute a robust covariance matrix, while having a moderate computational cost. For ScanNet and

S3DIS, we used precomputed normals from CloudCompare [4] with a spherical neighborhood radius of 7 cm.

Deep models To assess the impact of geometric features on deep models, we considered different architec-
tures covering the main classes of models and explored different parameter counts. We chose PointNeXt-S [100]
as the smallest deep model for our experiments, with a parameter count close to 1 million. It is a popular
model with a simple design, while being also modest in computational requirements. We compared it with
its larger counterpart PointNeXt-XL, which has 44 million parameters. To compare these models with a state-
of-the-art high-performance architecture, we also included Swin3D [186] in our benchmark. Swin3D is a

Transformer-based architecture with 60 million parameters.

Hyperparameters For the hyperparameters, we kept the original setup as specified by the authors. We
trained Swin3D with an AdamW optimizer and 100 epochs, using the original batch size of 3 for S3DIS and
ScanNet, and 6 for 3DSES, with a learning rate of /., = 0.001 for S3DIS and 3DSES, and 0.006 for ScanNet. We
trained PointNeXt (S and XL versions) using the AdamW optimizer for 100 epochs, a batch size of 32 and a
learning rate of /, = 0.01 for S3DIS, /, = 0.05 for 3DSES, and [/, = 0.001 for ScanNet. For both models, we
used a cosine learning rate schedule and a standard cross-entropy loss. All models were trained on an NVIDIA
V100 (32GB) for S3DIS and ScanNet. For 3DSES, we used an NVIDIA RTX A6000 (49G) for Swin3D and an
NVIDIA RTX 6000 (23G) for PointNeXt-S. Training the larger Swin3D models on the biggest dataset (ScanNet)
take less than 100 hours. Smaller models and/or datasets take significantly less time e.g. 20 hours on S3DIS and
PointNeXt-S. We reported model performance based on the last epoch. We observe that for these three types of
architectures, the Intersection over Union (IoU) metric converges to a fixed value by the end of training, thereby

reducing variance.

In the following section, we present the results of the semantic segmentation using different deep network
architectures on the S3DIS, ScanNet and 3DSES datasets. We report the commonly used segmentation metrics:
Intersection over Union (IoU), Overall Accuracy (OA) and Average Accuracy (AA). These metrics are detailed

in Appendix A.
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Table 3.3: Segmentation metrics obtained with a 6-fold cross-validation on S3DIS. Metrics obtained using
different geometric features and different models are compared to the RGB baseline. Green indicates an
improvement compared to the baseline, while red indicates a decrease. Mean intersection over union (mloU),
overall accuracy (OA), average accuracy (AA).

PointNeXt-S PointNeXt-XLL Swin3D-L
Q_O%é \3 S Ogvz%q OA AA mloU OA AA mloU OA AA mloU
@ X X X | 8771 7888 6672 | 8977 8382 7324 | 90.55 8228  74.08
4 4 X X 87.56.0.15 79.33.10.46 06.84.0.12189.85,0.08 83.39.043 73.12.9.12191.07 10.5284.07 179 75.17 1.00
4 X 4 X 87.96,0.25 80.22,135 67.81,1,0990.43.0.66 83.24.0.58 73.47 1023/91.27 .72 83.36,1.0775.45,1 36
M X X 4 87.98.0.27 79.22,0.34 67.01,029(90.34,¢.57 83.46.9.36 73.68.0.44/90.66,0.11 83.13,0.8574.50,0.41
4 @ @ 4 (87.89.0.158 79.86.0958 67.69:0.97(90.69.0.9384.02.0 20 74.32.1.05/90.89.0.3483.90,1.6275.3041.22

3.4.2 Contribution of geometric features

S3DIS Table 3.3 shows that geometric features are helpful for the three models on S3DIS. For PointNeXt-S,
the LPS.V combination achieved the highest mloU score of 67.81%. The OAS.S, combination achieved the
highest OA (87.98%). Overall, the combination of all features consistently improves the segmentation metrics.
While the model trained with all features performs better than the RGB baseline (e.g. +0.97% mloU), the
addition of all features does not always perform best. This is the case for PoinNeXt-XL but not for PointNeXt-S,
although the gap to the second best combination is small. As with PointNeXt-S, adding the LPS.V features helps
Swin3D to get the best mloU. We show some qualitative results in Fig. 3.3. Fig. 3.4 shows that handcrafted
features benefits are limited on large objects (such as “ceiling”, “floor” and “wall”’). However, these features can

be helpful with less represented objects in the dataset such as “bookcase”, “table”, ”window”.

ScanNet The results on ScanNet presented in Table 3.4 are contrasted. For PointNeXt-S, features do not help
the model, and the inclusion of normals actually results in the lowest segmentation accuracy. PointNeXt-XL does
not benefit from geometric features either, with all combinations being outperformed by RGB alone. Swin3D
performs slightly better with color information and normals, with +0.5% in mloU and almost identical OA and
AA. Overall, the inclusion of features has minimal effect on Swin3D’s performance. It is possible that this large
Transformer-based model has enough parameters — and the dataset enough samples, as ScanNet is significantly

larger than 3DSES and S3DIS - to learn effective representations without relying on handcrafted features.
3DSES Results on 3DSES are shown in Table 3.5. For PointNeXt-S, the geometric features improve almost
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(d) RGB & LPS.V (e) RGB & 0AS,S, (f) RGB & N & LPS,V & OAS.S,

Figure 3.3: Qualitative segmentation results for PointNeXt-S on Area 5 office 4 from S3DIS using various sets
of inputs. This shows that including geometrical features help segment more accurately planar and linear objects
(here, and window). Legend: Covering in dark green, floor in green, wall in , beam in

, column in , window in light brown, door in brown, table in brown, chair in brown, bookcase
in light black, clutter in dark black

[ RGB & N
— RGB & LPS.V
6 — RGB & OAS.S,
[ RGB & N & LPS:V & OAS,Sy
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Figure 3.4: Histogram representing the Intersection over Union by class for a 6-fold validation on S3DIS with

PointNeXt-S and several handcrafted features. RGB IoU is subtracted from all handcrafted results for better
visualization.
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Table 3.4: Segmentation metrics obtained on the ScanNet validation set. Metrics obtained using different
geometric features and different models are compared to the RGB baseline. Green indicates an improvement
compared to the baseline, while red indicates a decrease. Mean intersection over union (mloU), overall accuracy
(OA), average accuracy (AA).

PointNeXt-S PointNeXt-XL Swin3D-L

@%q

%

\g%S 0?5 OA AA mloU OA AA mloU OA AA mloU

X

‘ 8636 7312 6434 | 8946 7945 71.17 | 90.76 8291 74.76

SESESEISIR< TR

RXXR® X 4
HNXHX

X
X
X
;]
4

85.62.9.74 72.05.1.07 63.10.1 24
85.94.0.42 72.75.0.37 63.64.0.70
86.03.9.33 72.38.9.74 63.71.9.63
85.98.0.38 72.72.9.40 63.80.9.54

89.11.9.35 79.27.9.18 71.13.9.04
88.92.9.54 78.84.9.61 70.22.9.95
89.36.9.10 79.04.9.41 70.62_ 9 55

89.07.939 79.11.934 70.74.9.43

90.74.9.02 82.90.9.01 75.28.9.52
90.68.9.08 82.56.9.35 74.42.9.34
90.25.9.51 80.98.1.93 72.53.2.23
90.74.9.02 82.84.9.07 74.8140.05

Table 3.5: Segmentation metrics obtained on the 3DSES test set. Metrics obtained using different geometric
features and two models are compared with the RGB baseline. Note that results from PointNeXt-S are the results
of 3 runs and standard deviation is printed in Table B.1, Table B.2 Table B.3. Green indicates an improvement
compared to the baseline, while red indicates a decrease. Mean intersection over union (mloU), overall accuracy
(OA), average accuracy (AA).

PointNeXt-S Swin3D

RGB LPSV OASS| OA AA mloU | OA AA mloU
. 4 X X 82.18 36.17 30.14 89.76 78.30 48.99
2 4 4 X | 86.49,43 37.58.141 32.55.45 | 8241735 73.0d526 48.32.047
S ™ X 4 85.82,364 3593024 3122108 | 86.5432 70.05525 4544355
w (4 X X 92.29 63.30 57.34 91.44 85.16 59.61
s ™ 4 X 193896 6530.500 60.73.335 | 91.09035 8520,001 58.86.0.75
IV X 4 | 9273044 6194137 56.50.081 | 94.06.260 85.91.075 62.47.556
w (4 X X 94.47 67.94 62.48 94.32 93.78 68.19
g 4 4 X 93.98.040 71.49,355 6524576 | 95.01,060 91.81.597 69.54,135
V| X 4 94.00.0.47 70.0842.14 63.741126 | 95.55.123 93.36.042 71.19.3.00
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all metrics. The combination of color information and LPS.V gives the best mloU (with > 2% increase) for
all versions of 3DSES, as well as the best AA for all versions. The OAS,S, features help the model for Gold
and Bronze variants, but slightly reduce the mloU performance mloU for Silver. On the more challenging Gold
variant, Swin3D trained with features performs below the RGB baseline, possibly due to overfitting this large
model to a smaller dataset. In comparison, on the larger Bronze model, the combination of RGB and LPS,V, and
the combination of RGB and OAS,S,, significantly improves mloU for both the small PointNeXt-S and the large
Swin3D models. The intermediate Silver variant is more contrasted as the best combination of features depends
on the model, although an increase in mloU of around 3% is achieved for both models. We hypothesize than the
features are mostly beneficial on smaller datasets, i.e. 3DSES and S3DIS as they introduce “expert knowledge”
in the models that cannot be otherwise learnt. This is especially true for small models: on 3DSES, the small
PointNext-S benefits from geometric features in all data regimes, but Swin3D benefits from the same features
only on the larger Silver and Bronze variants. The results in this section show that features can help deep models

enhance their performance. The question then arises as to what happens if these features are not available during

the testing phase.

3.4.3 Reset percentage of DropFeatures

In this section, we evaluate the impact of removing features during the testing phase. We conduct an ablation
study to determine what percentage of resetting results in a better mloU, and then compare models trained with

and without our DropFeatures approach.

Optimal reset percentage Fig. 3.5 shows the evolution of mloU on S3DIS when training PointNeXt-S
for different reset percentages using the widely used LPS.V feature combination [108, ]. The results are the
mean of a 6-fold cross-validation, that we ran three times to account for training variability. The blue curve
represents the results for PointNeXt-S trained on RGB+ LPS,V and tested with the same features, while the
red curve shows test results with LPS,V features set to O during inference. Note that 0% represents the baseline
model trained with colorimetric information (RGB) and LPS.V features without DropFeatures, while 100%
represents the baseline model trained with RGB only. As expected, lower reset percentages result in a sharp
drop in performance when the model is used for inference without LPS,V features. In fact, this configuration
achieves the worst mloU of all setups: 13.38%, representing a gap of —54.22% mloU compared to the model
tested with LPS,V. Small reset percentages (5%, 15% and 25%) also result in performance losses, albeit smaller

(respectively —1.92%, —0.62% and —0.39% mloU compared to the models with features). For higher reset
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Figure 3.5: Ablation study. Contribution of the reset percentage for our DropFeatures strategy. Mean Intersection
over Union (mloU) obtained with PointNeXt-S, evaluated through three rounds of 6-fold cross-validation on
the S3DIS dataset. On blue: PointNeXt-S was tested with RGB and LPS_.V. The red curve shows the results
obtained by the models with LPS_V set to 0.

Table 3.6: Contribution of the reset percentage on S3DIS with PointNeXt-S (left side : test with RGB and LPS.V
and right side : test with RGB and LPS_V set to 0). Segmentation metrics obtained from performing three rounds
of 6-fold cross-validation. Standard deviation is presented in Fig. 3.5. Mean intersection over union (mloU),
overall accuracy (OA), average accuracy (AA). “RGB 0000 indicates that features are set to 0 during inference.

RGB LPS.V RGB 0000
RGB LPS.V DropFeatures | OA AA mloU | OA AA mIoU
V| X X 87.94 79.31 67.26 X X X
V| 4 X 87.89 79.85 67.60 36.62 23.30 13.38
4 4 5% 88.14,025 79.72.043 67.57.003 | 87.19,5012 78.66.5787 65.65.53.94
4 4 15% 87.98,010 79.60.025 67.24.037 | 87.67.5061 79.17.5836 66.62.5491
4 4 25% 87.88.0.01 79.76.009 67.19.942 | 87.67,5061 79.39,5858 00.80,55.09
4 4 35% 87.68.021 79.17.068 66.89.071 | 87.59,5253 79.09,5828 66.72,55.01
4 4 50% 88.10,021 79.74.011 67.68.003 | 88.01,5004 79.68.s557 67.48.5575
4 4 60% 87.93.006 79.52.054 67.14.034 | 87.90,5085 79.54,5873 67.09,5530
V| 4 75% 87.95,006 7940045 67.19.041 | 87915004 79.38,5857 67.12,55.41
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Table 3.7: Segmentation metrics obtained on a single 6 fold on S3DIS. Metrics obtained using various geometric
features and PointNeXt-S are compared to a training without DropFeatures. Green indicates an improvement
compared to the baseline, while red indicates a decrease. Mean intersection over union (mloU), overall accuracy
(OA), average accuracy (AA). “RGB Features set to 0” indicates that features are set to 0 during inference.

RGB -+ Features RGB -+ Features set to 0

RGBN LPS,V OAS.S, DropFeawres| OA AA  mloU | OA AA mloU
M X X X X | 8771 7888 6672 | X X X

4 X X X 87.56 79.33 66.84 33.63 20.23 11.00
4 M X X 50% 87.92,036 79.26.007 66.90.0.06 |87.93.5430 79.28.5005 66.90.55.00
4 X X v/ X 87.98 79.22 67.01 36.14 18.26 10.51
4 X X 4 50% 88.14,0.16 79.81.050 67.16.0.15 |88.12.5105 79.79.6152 67.07.56.57
4 4 4 v X 87.89 79.86 67.69 27.10 15.89 7.79
4 4 ™ 4

50% 87.82.0.07 78.95.091 66.81.989 [87.76.60.66 78.90.63.00 66.67.5539

percentages, the gap decreases as the model becomes more robust to missing features. The reset percentage that
gives the highest mloU (with a small standard deviation) is 50%, with 67.48% mloU. We observe that this reset
probability results in a superior model compared to RGB alone and, indicating that our random reset strategy
helps to improve model performance even when features are not available during testing. DropFeatures with
50% is also better or on-par with the baseline for the other metrics, as reported in Table 3.6. In practice, note
that models trained without DropFeatures exhibit no robustness to missing features. DropFeatures perform an
“interpolation” between the RGB and the RGB+ LPS,V baselines. When tested in the missing features scenario,
all models trained with our DropFeatures strategy dramatically improve the performance of PointNeXt-S by
about +50% mloU compared to the extremely low mloU of the baseline (13.38% mloU), showing that it achieves

the desired robustness. Based on these results, we use a reset probability of 50% for the next experiments.

3.4.4 Contribution of DropFeatures

S3DIS

First, we report in Table 3.7 the results of several PointNeXt-S models trained on S3DIS using different
combinations of features — e.g. normals, OAS,S,, etc. — with and without DropFeatures (p = 0.5). As before, the
models trained without DropFeatures dramatically underperform when tested in the missing feature scenario. In
practice, the deep net collapses to always predicting predict the same class. This is expected because the model

is “out-of-distribution” as it was never trained with all feature inputs set to zero. In the missing features scenario,
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Table 3.8: The contribution of our “DropFeatures” strategy is evaluated on LPS_.V features using segmentation
metrics from a 6-fold validation on S3DIS. Green indicates an improvement compared to the baseline, while
red indicates a decrease. Mean intersection over union (mloU), overall accuracy (OA), average accuracy (AA).
“RGB 0000” indicates that features are set to 0 during inference.

RGB LPS.V RGB 0000
RGB LPS.V DropFeatures| OA AA mloU | OA AA mloU

X @ X X 89.77 8382 7324 X X X

E (4 (4 X 90.43.066 83.24.058 7347.023| 20.82 11.44 3.24

f ™ (4 50% 89.58.0.19 83.64.015 73.05.0.19 | 89.45,6563 83.55.72.11 72.89.69.65

., 4 X X 90.55 82.28 74.08 X X X

‘; 4 4 X 91.27.07> 83.36.103 7545.137| 75.62 48.04 39.31

> ™ (4 50% 91.12,0.57 83.134085 75.02.004 | 910711546 83.01,3407 74.89,3555

models trained with DropFeatures significantly outperform their respective baselines, showing that DropFeatures
helps model robustness at test time (right side of Table 3.7). In addition, models trained with a combination
of RGB and geometric features perform better than the RGB baseline (+0.06% mloU with “normals” and
+0.15% mloU with OAS,S,). Overall, training with DropFeatures offers the best trade-off, with on-par or better

performance in the feature-present scenario and significantly better performance in the feature-absent scenario.

These observations still partially hold for larger models, such as PointNeXt-XL and Swin3D, as reported
in Table 3.8. For these two models, while DropFeatures does not increase mloU in the available features scenario,
it still significantly boosts performance in the missing features scenario with a +69.65% mloU increase for
PointNeXt-XL. We observe similar trends for Swin3D, for which our DropFeatures strategy increases mloU by

+35.58% when testing without features.

ScanNet We report in Table 3.9. DropFeatures results on the ScanNet dataset.

As observed before (see Section 3.4.2), the benefit of geometric features is contrasted on this dataset. For the
two versions of PointNeXt (S and XL v), geometric features do not improve mloU, even when combined with
DropFeatures. The only improvement occurs in OA with the XL version. On the other hand, the combination
of DropFeatures with Swin3D performs a slightly helpful regularization, resulting in a small but consistent
performance boost across all metrics, e.g. 4+0.40% increase in mloU in the features available scenario. Once
again, DropFeatures shines in the missing features scenario. While the performance drop is smaller than for
S3DIS, DropFeatures remains essential for the models to be robust to missing features, especially for the large

PointNeXt-XL where it improves mloU by 48.38%.
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Table 3.9: The contribution of our “DropFeatures” strategy is evaluated on LPS_.V features using segmentation
metrics on the ScanNet validation set. Green indicates an improvement compared to the baseline, while red
indicates a decrease. Mean intersection over union (mloU), overall accuracy (OA), average accuracy (AA).
“RGB 0000” indicates that features are set to 0 during inference.

RGB LPS.V RGB 0000
RGB LPS.V DropFeatures| OA AA mloU | OA AA mloU

2 4 X X 86.36 73.12 64.34 X X X

% 4 4 X 8594045 72.75.037 63.64970 | 74.10 45.85 38.95

s 4 4 50% 85.82.054 72.38.074 63.22.112 | 83.69.950 67.95,2510 58.10,1915

X X X 86.46 79.45 71.17 X X X

E 4 V| X 88.92,246 78.84.061 7022095 | 59.48 16.85 12.07

: M 4 50% 88.98.55, 78.51.904 70.08.1.00 | 84.94,5545 68.29.514s 60.45, 4513

., X X 90.76 82.91 74.76 X X X

‘; 4 4 X 90.68.008 82.56.035 7442034 | 85.99 72.07 62.84

> ™ 4 50% 90.92,0.16 83.02,011 75.16,040 | 90.93,405 82.96,1050 75.11,1227

3DSES We report in Table 3.10 DropFeatures results on the 3DSES dataset, for its three variants. The
results are similar to the two previous datasets. In the missing features scenario, our DropFeatures strategy helps
both PointNeXt-S and Swin3D to reduce the performance gap with their counterparts tested with the geometric
features. In particular, Swin3D achieves on-par performance without the features compared to the baseline, but

tends to overfit due to its size.

It is worth noting that, on the smaller 3DSES Gold dataset(Table 3.10), Swin3D forgets many classes when
tested without LPS.V, achieving only 36.75% OA. However, when using our DropFeatures strategy, Swin3D
forgets fewer classes and is able to achieve 87.05% OA. We can observe a similar gap for some other classes (such
as “Covering”, “Railing”, “Window”), as shown in Fig. 3.6. Focusing on “Wall”, we see that the model trained
with LPS_.V and tested without achieves a poor IoU, while the model trained with the DropFeatures strategy
achieves an IoU close to the model trained and tested with LPS.V. For PointNeXt-S, DropFeatures also reduces
the gap and in missing scenario our strategy enable PointNeXt to RGB baseline for Bronze variant. Fig. 3.7

presents the results for Swin3D on 3DSES-Bronze and highlight that geometric feature can reduce segmentation

error on some objects such as heater, door or wall.
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Figure 3.6: Intersection over union (IoU) by classes obtained with Swin3D trained under various configurations
on the 3DSES Gold dataset. Green is the RGB + LPS.V model, is the RGB + LPS_.V model trained
with “DropFeatures” (p = 0.5), gray refers to the RGB + LPS_.V model with LPScy = 0 at test time, and blue
indicates the RGB + LPS.V model trained with “DropFeatures” and tested with LPScV = 0.
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(e) RGB & LPS.V + DropFeatures = (f) RGB & {0000} + DropFeatures =
(d) RGB & 0000 50% 50%

Figure 3.7: Qualitative segmentation results on 3DSES - Bronze 4 using Swin3D. We observe in Fig. 3.7d that
setting the features to zero results in many errors for the doors, heaters, walls, etc. In comparison, in Fig. 3.7f we
see that DropFeatures makes the model more robust, and the segmentation is closer to the ground truth. Legend:
Coverings in dark blue, doors in dark green, heaters in light green, lamps in , ground in , walls in
orange, windows in light red, clutter in red.
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Table 3.10: The contribution of our “DropFeatures” strategy is evaluated on LPS.V features using segmentation
metrics on the 3DSES test set. Note that results from PointNeXt-S are the results of three runs and the standard
deviations are printed in Table B.1, Table B.2 Table B.3. Green indicates an improvement compared to the
baseline, while red indicates a decrease. Mean intersection over union (mloU), overall accuracy (OA), average
accuracy (AA). “RGB 0000” indicates that features are set to 0 during inference.

RGB LPS.V RGB 0000
RGB LPS.V DropFeatures| OA AA mloU | O0A AA  mloU
o X X 82.18 36.17 30.14 X X X
: %’ X 86.49.43 37.58,141 32.55.54 | 32.66 22.65 8.64
- & 50% 83.43,125 36.34,017 30.65.0.51 | 81.24,48.58 35.09,12.44 29.20,50.56
S . X X 89.76 7830  48.99 X X X
‘g X 8241735 73.04.526 48324067 36.75 18.82 7.25
2 50% 87.82.1.05 78.66.036 45.55.3.44 | 87.05,50.30 77.72.58.90 45.25,35.00
2 X X 92.29 63.31 57.34 X X X
. %; X 93.89,160 65.30,200 60.73.330 | 28.17 19.67 7.95
2 50% 92.57,028 63.524021 57.62,028 | 91.92,6375 62.68.,43.01 56.45,45 50
% A X X 91.44 85.16 59.61 X X X
’g X 91.09.035 85.20.0.04 58.86.975 | 78.79 33.51 26.40
e 50% 91.74+0_3 85.41.,_0_25 59.56_0.05 91.09.,_12_30 84.81.,_51_30 58.42.,_32_02
o X X 94.47 67.94 62.48 X X X
o % X 9398049 7149355 6524,276| 3783 2505 1633
S 3 50% 9431001 71.92,305 65.67.319 | 94.28.56.45 72.09.47.04 65.77 4944
2 A X X 9432 9378  68.19 X X X
"g’ X 95.01,960 91.81.197 69.54,;35| 76.82 53.67 43.45
2 50% 93.90.042 93.57.021 67.33.0.86 | 93.66.16.85 93.62.3905 66.63.23.13
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3.5 A radiometric feature: the intensity

As seen previously (Section 2.2), the LiDAR intensity is always recorded in TLS scans. Since we aim to
benefit from older surveyor acquisitions (i.e. XYZ coordinates and intensity), we attempt to observe if the
intensity is link to object reflectance and test its contribution for segmentation. The experiments presented in this
section are a preliminary test of intensity calibration. Integration of the intensity in deep models is realized in

Chapter 4.

We conducted some TLS acquisitions in the ESGT (Ecole Supérieure d’ingénieurs Géométres et To-
pographes) metrology room (Fig. 3.8) with the objective of determining whether calibration is necessary for our
3D point cloud intensity. We acquired several scans for each TLS available at QUARTA to examine the intensity
distribution of different devices from the same constructor. Specifically, Fig. 3.8 presents point clouds from
the Leica Geosystems family. During this initial investigation, our objective was to identify any discrepancies
in intensity distribution across different TLS devices. As shown in Fig. 3.8, the distribution of intensity can
vary even if the 3D point clouds originate from the same constructor. Notably, we observed that for the P40
(Fig. 3.8b), the intensity of points near the sensor is close to 0. In contrast, for the P20 (Fig. 3.8a) and RTC360
(Fig. 3.8c¢), the intensity at the same distance and on the same objects is close to 1. Moreover in Fig. 3.8, we can
observe a variation of intensity according to the distance and incidence angle. This suggests that intensity may
not represent the reflectance of the objects. Fig. 3.10 illustrates the intensity distribution for an RTC360 and two
additional elements (floor and wall) acquired in the ESGT metrology room, as a function of the distance and
incidence angle. On the covering, we can see a 1 /D? variation for the distance (Fig. 3.8f) and a cos(a) variation
for the incidence angle (Fig. 3.8). We retrieve this trend for the wall (Fig. 3.9a). However the floor intensity

seem to be corrected (Fig. 3.9¢).

With our restricted protocol, it seems unclear whether intensity varies solely as a function of object reflectance
or if it is also affected by distance and incidence angle. In Fig. 3.9, we decided to correct the intensity using
a model-driven approach (cf. Eq. (2.3)). To test some corrections, we used the point clouds acquired by the
RTC360 and used the distance to the scanner (Fig. 3.10b) and the angle of incidence (Fig. 3.10c) to correct the
constructor’s intensity (Fig. 3.10a). Fig. 3.10d corresponds to a 3D point cloud with an intensity corrected by
previous parameters. We observe that the corrected intensity does not help in distinguishing objects. As it is
challenging to calibrate the intensity (i.e. without a measure on Spectralon), for our following experiments we

will use the intensity from the constructor.
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(P20, P40, RTC360). Figs. 3.8a to 3.8c presents the ceiling of “ESGT metrology room” acquired with three
distinct TLS from the same manufacturer. This figure shows that the constructor’s intensity is not balanced
within the same intensity interval. Intensity is balanced between zeros and one. We also plot the variation of
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Figure 3.10: Attempts at intensity correction (Fig. 3.10a). We do not design a calibration process and try to
calibrate the intensity with the Eq. (2.3) (i.e. with distance and incidence angle).
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3.6 Conclusion

In this chapter, we evaluated the contribution of geometric features in different deep models for semantic
segmentation of 3D point clouds. We showed that even in the age of 3D deep learning, handcrafted features can
still be helpful and lead to performance improvements, especially for small models and small datasets. However,
the contribution of handcrafted features on small objects is ambiguous and further experiments need to be carried
out. These promising results is an encouraging way to benefit from older surveyor’s point clouds which only
contain XYZ coordinates and intensity. Moreover, the results presented in this chapter hint that features can
be more helpful for small architectures. If confirmed, this could be an alternative to large models for surveyor
companies. Since geometric features can be expensive to compute, and are sometimes unavailable at test time,
we introduced DropFeatures to regularize deep models and make them robust to missing features by randomly
resetting them to zero during training. We showed that this strategy effectively improves model robustness in
the missing features scenario (even for small objects), and that it can even improve model performance through
regularization. In S3DIS, our strategy helps maintain performance and avoids a drop of +35.58%mloU for
Swin3D and +69.65%mloU for PointNeXt-XL. In practice, this allows us to obtain models that outperform
the baselines when tested with features, while still maintaining on-par segmentation performance when used
without the features. Regarding another features, the intensity, we are experiencing difficulties in calibrating it.
In the following chapter, we introduce a new dataset with point clouds that includes TLS intensity. We hope this

dataset will help the community to calibrate indoor LiDAR intensity and use them in recent deep models.
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Abstract

As outlined in Chapter 2, annotating a 3D point clouds is time consuming, especially when focusing on
small and complex objects. In the preceding chapter, we proposed to rely on handcrafted features to improve
segmentation accuracy. However, handcrafted features do not solve the lack of small objects in available
datasets. In this chapter, we propose a method to benefit from “frozen” data of land-surveyor companies.
We present 3DSES (3D Segmentation of ESGT point clouds), a new dataset of indoor dense TLS colorized
point clouds covering 427 m? of an engineering school. 3DSES has a unique double annotation format:
semantic labels annotated at the point level and a full 3D CAD model of the building. We introduce a
model-to-cloud alignment algorithm to automate the labeling of indoor point clouds using an existing 3D
CAD model. This alignment allows us to train deep models with significant time savings compared to
manual labeling. First baselines on 3DSES show the difficulties encountered by existing deep models when

segmenting small objects (e.g. lights and safety utilities). All data are available on Zenodo.

N

e
(a) Point clouds colorized by classes (b) Small objects from the previous point clouds

Figure 4.1: Examples of small objects of 3DSES [1]. In Fig. 4.1a, the point clouds are segmented in several
classes. While Fig. 4.1b illustrates several small objects included in 3DSES such as exit sign, monitor,


https://zenodo.org/records/13323342
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Figure 4.2: A 3D CAD model is an approximate representation of reality. In most surveyor companies, it is

based on point cloud scans. Objects within a CAD model can be tagged with additional information (such as
material, year of maintenance, ...).

As introduced in Section 1.3, QUARTA is a land surveyor company that carries out a lot of point cloud
acquisitions (see Fig. 4.1). However the main finality is not the point clouds, but rather a 2D plan or a Building
Information Model (BIM). In this chapter, we focus on the benefits of BIM for the enrichment of point clouds.
BIM is a comprehensive tool for managing buildings throughout their entire life cycle, from construction to
demolition. It consists in creating a digital representation of a building, called a “digital twin” (Fig. 4.2). 3D
models help reduce construction and maintenance costs by facilitating planning and simulation on the virtual
assets [195] and preserve heritage structures [8]. BIM allows for monitoring buildings over time and managing
equipment by recording details such as installation date and maintenance schedules. The creation of digital
twins involves in situ acquisitions to reconstruct the building’s 3D structure, often using point clouds [0, 5, 196].
In recent years, 3D data acquisition technologies have not only significantly improved in accuracy, but also
diversified their sensing apparatus. In most cases, sensors create point clouds based either on photogrammetry,
e.g. using stereo photography or structure-from-motion, or on laser-based Lidar systems. Acquisition has been
made increasingly intuitive and easy with the improvements of 3D scanners, including real-time positioning and

very high acquisition speed. Terrestrial Laser Scanning (TLS) has become the standard for surveyors to create
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(d) Gold - Real labels (e) Gold - Pseudo labels (f) Silver - Pseudo labels

Figure 4.3: Modalities and annotation variants of 3DSES. Gold real labels are manual annotations across 18
classes, including small objects such as light switches and electrical outlets. Pseudo-labels are obtained by
automatically aligning the 3D model on the point cloud, introducing some noise in the annotation (see e.g. the
top of the chairs). Silver labels use a simplified classification of only 12 categories (e.g. the wastebin is now
simply “clutter”). Legend: Column in dark purple, components in dark green, coverings in light green, doors in
green, emergency signs in , fire terminals in dark blue, heaters in light purple, lamps in , ground in
vellow, walls in , windows in , clutter in red.

large point clouds of building interiors in a few hours.

Meanwhile, the enrichment of point clouds has not met the same progresses. 3D CAD modeling of buildings
based on point clouds remains a manual and time-consuming task. Creation of 3D CAD models is minimally
automated and still requires the intervention of qualified experts. Semantic segmentation of point clouds is a
promising avenue to automatically label point clouds, and could accelerate the modeling by helping surveyors to
identify structural primitives (walls, ground, doors) and even furniture types (chairs, tables, etc.). However, as

introduced in Chapter 2, few datasets exist for semantic segmentation of indoor TLS point clouds.

Moreover, surveying companies (such as QUARTA) have access to large databases of existing 3D CAD
models and associated point clouds, but the latter are mostly unlabeled. Indeed, in Chapter 2, we saw that
annotating a 3D point cloud is time-consuming, and in the case of surveying companies, a lot of time has already
been dedicated to the creation of the 3D model. For these reasons, we introduce 3DSES (Fig. 4.3), a dataset

of indoor TLS acquisitions with manually annotated point clouds and a BIM-like 3D CAD model. In addition
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Table 4.1: Comparison of the characteristics of various point cloud datasets from the literature. Note that 3DSES
is the only indoor TLS dataset that includes intensity, point level annotations and a 3D CAD model. Despite its
size, it also has more points than most existing datasets, demonstrating a very high point density.

Name Environment Classes Extent! Points (M)  Intensity 3D model Source
Oakland (197 Outdoor 44 - 1.6 X X MLS
Paris-rue-Madame [10s;  Outdoor 17 160 m 20 4 X MLS
IQmulus Outdoor 8 10 000 m 12 4 X MLS
Semantic 3D 199 Outdoor 8 - 4000 4 X TLS
Paris-Lille-3D (7 Outdoor 9 1940 m 143.1 4 X MLS
SemanticKITTI [ Outdoor 25 39200 m 4500 4 X MLS
Toronto-3D ) Outdoor 8 1000 m 78.3 4 X TLS
S3DIS (120 Indoor 13 6020 m? 273 X X Camera
Matterport3D (131 Indoor 20 219 399 m? - X X Camera
ScanNet (1] Indoor 20 78 595 m? 242 X X Camera
ScanNet200 (13 Indoor 200 78 595 m? 242 X X Camera
ScanNet++ () Indoor 1000+ 15000 m? 446 X X TLS
LiDAR-Net 11+ Indoor 24 30 000 m? 3619 X X MLS
3DSES Gold * Indoor 18 101 m? 65 V| 4 TLS
3DSES Silver Indoor 12 304 m? 216 4 4 TLS
3DSES Bronze ¥ Indoor 12 427 m? 413 V| 4 TLS
Indoor Modelling oy Indoor X 2824 m? 127 X @ 5sensor
Craslab ) Indoor X 417 m? 584 v v TLS

I Surface for indoor datasets, linear extent for outdoor datasets.

to the overall structure and furniture, we label several types of common BIM elements, such as extinguishers,
alarms and lights, that are challenging to detect in point clouds. To evaluate the feasibility of automatically
annotating point clouds based on existing BIM models, we introduce in Section 4.4.1 a 3D model-to-cloud
alignment algorithm to label point clouds. In Section 4.4.2, we show that these pseudo-labels are nearly as
effective as manual point cloud annotation for most classes. However, in Section 4.6 we show that small objects

remain extremely challenging for existing point cloud segmentation models.

4.2 Previous work

Numerous datasets exist for semantic segmentation of point clouds with several sizes of scenes, different

types of objects of interest and acquired using various sensors, each with their own characteristics. Previously,
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in Section 2.5, we described some indoor datasets. Here, we review in Table 4.1 some point cloud segmentation

datasets available and their modalities at the time of 3DSES’s creation.

4.2.1 Outdoor datasets

The first popular datasets for semantic segmentation of point clouds focused on outdoors. Mobile laser
scanning is popular for outdoor scenes as moving platforms cover more ground. Since the laser is moving, the
point clouds tend to be sparse, e.g. the seminal Oakland dataset [197] has less than 2M points. Later datasets such
as IQmulus [28] or Paris-rue Madame [198] are also relatively small, with less than 20M points. Bigger datasets
have been consolidated by covering larger scenes, such as Paris-Lille-3D [37] and SemanticKITTI [38]. While
MLS makes sense for autonomous driving, segmentation performance on these point clouds is not representative
of indoor scenes which are much denser with lots of small objects. Concurrently, point clouds acquired by
aerial Lidar have been used to create datasets on very large scenes, such as the ISPRS 3D Vaihingen [34],
DublinCity [35], LASDU [203], DALES [204], Campus3D [205], Hessigheim [206], SensatUrban [207] and
FRACTAL [36]. These datasets use Aerial Laser Scanning (ALS), with a top-down view that makes them

effective for digital surface models but unsuitable for BIM.

However, some outdoor datasets have a density and geometry close to those found in indoor cases. For
example, Semantic 3D [199] and Toronto-3D [200] both use TLS with high point density. These outdoor scenes
do not contain many small objects, though, as they rarely consider classes smaller than outdoor furniture, e.g.

benches or trashbins.

4.2.2 Indoor datasets

Few new indoors datasets have been published in the last five years. The two most widely used datasets
S3DIS [120] and ScanNet [121] — were published in 2017. The lesser known Matterport3D [131] was published
in the same year with similar characteristics. ScanNet was updated with more classes in ScanNet200 [132], yet
using the same point clouds. All these datasets are acquired by RGB-D cameras. The resulting point clouds are
sparser and more sensitive to occlusions than TLS data. For example, S3DIS contains 273 million points, which
corresponds to approximately ten stations in a medium-resolution TLS system. Yet, these datasets are the most
common benchmarks to evaluate deep point cloud segmentation, meaning that new approaches are tested on
partially obsolete technology. While indoor TLS datasets exist, e.g. Indoor Modeling [201] and Craslab [202],

they do not contain semantic labels and only release a simplified CAD model. LiDAR-Net [133] uses a mobile
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laser scanner (MLS) to create an indoor dataset more suitable for autonomous navigation, resulting in a point
cloud that contains scan holes, scan lines and various anomalies that are not shared with TLS scans for building
surveys. To the best of our knowledge, the only dataset using labeled TLS point clouds is ScanNet++ [39].
However, ScanNet++ used a complex three devices acquisition setup. DSLR images were acquired separately
from the scans, and then backprojected to colorize point clouds. This setup is not representative of usual surveys
practices. For 3DSES, we use a simpler acquisition workflow, as the RGB information comes directly from the

TLS.

Point clouds with intensity As explained in Section 2.2, LiDAR intensity measures the strength of the laser
impulse returned by a scanned point. It is a feature commonly used in outdoor point cloud datasets, especially
because infrared is helpful to identify vegetation. However, intensity is notably absent from indoor datasets. Yet,
we presented in Chapter 2 that intensity is often recorded with LiDAR apparatus. In theory, different materials
reflect light differently and these variations impact the measured intensity of the laser echo. This information
might help deep models to discriminate between objects that have similar geometry, but different natures. For

this reason, we include the intensity information in our 3DSES dataset.

Uniqueness of 3DSES While covering a smaller surface than other datasets, 3DSES is extremely dense, with
a sub-centimeter resolution. It is also the only TLS dataset with Lidar intensity, an information often removed in
publicly available datasets, despite theoretically being a discriminative property of materials. 3DSES is also a
labeled dataset, suitable to train or evaluate semantic segmentation algorithms. Finally, 3DSES comes with a 3D
CAD model designed for BIM. This combination is unique across existing datasets, and makes 3DSES suitable

to investigate 3D point clouds for indoor building surveys and modeling.

4.3 A data collection close to the land surveyor process

We present in this section the data acquisition, the 3D modeling and then the labeling process. To demonstrate
the benefits of our method for land surveyor companies, we need to follow their data acquisition practices. Similar
to the land surveyor process, we first need to perform 3D point clouds acquisition, followed by 3D modeling.

Additionally, to compare our results to a ground truth, we must conduct manual point cloud annotations.

Point cloud acquisition Data acquisition was carried out at ESGT (Ecole Supérieure d’ingénieurs Géométres

et Topographes) using two Terrestrial Laser Scanners (TLS): a Leica RTC360 and a Trimble X7. High-resolution
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(a) Example of modeled 3D systems: fire alarm, fire extin- (b) Structural objects: stairs, railings, doors, walls, floors.
guisher, heater, outlet, light switch.
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(c) 3D point cloud of a room (d) 3D model of a room (e) Overlay of clouds and objects

Figure 4.4: View of a test area room. For 3D modeling, we follow the practices of land surveyor companies. The
generic 3D models are close, but not perfect matches for the actual scans.

pictures were taken for each scan (15MP for RTC360 and 10MP for Trimble X7). Scans were preregistered
during the survey, using software from each corresponding manufacturer. We performed and bundled multiple
scans inside every room to capture as many objects as possible. Scans were then merged for registration, and any
missing link was manually corrected. Point clouds are georeferenced using coordinates from total stations and
GNSS. We release both colorized Fig. 4.3a) and intensity Fig. 4.3¢c) clouds. Note that 3DSES concerns the first
floor of the ESGT building and contains only scans from RTC360.

3D CAD model In surveyor companies, a 3D CAD model may be built using several proprietary softwares,
such as Autodesk Revit [208]. However, to facilitate exchanges the final 3D model is standardized to Industry
Foundation Classes (IFC). Each type of object is tagged as a member of the corresponding IFC family. The
geometry of structural elements (walls, floors, roofs, etc.) is accurately modeled, i.e. shapes and dimensions are
modeled as precisely as possible. Furniture, such as tables and chairs, and utilities, such as fire extinguishers and
emergency exit signs, use standard models, e.g. all chairs use the same mesh (see Fig. 4.4d). This is a common

practice in BIM, as defining a separate “chair” family for each instance would be too time-consuming. Fig. 4.4e
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(a) Cabinet file. (b) Exit sign (c) Manual trigger. (d) Switch (e) Outlet

Figure 4.5: Examples of CAD objects used in 3DSES. We use generic shapes for each element, and model some
small objects present in indoor scenes.

illustrates how these generic 3D CAD models create slight geometrical discrepancies between the point cloud
and the model. Fig. 4.5 illustrates other generic uses during the 3D modeling. Finally, a special care is given to
doors, that can appear either open or closed in scans. We model each door in its correct state depending on its

true position in the point cloud. Complete modeling took slightly less than 30 hours in Autodesk Revit.

Manual labeling In order to prove the interest of our method, we need a ground truth. Therefore we
manually annotated the point clouds to create a ground truth denoted as the real labels, shown in Fig. 4.3d. A
taxonomy of 3DSES variants is presented in more detail in Appendix C. As introduced in Chapter 2, this labeling
process is time-consuming. Therefore, we annotated only 10 point clouds in 18 fine-grained classes: “Column”,

L N3 99 G¢

“Component”, “Covering”, “Damper”, “Door”, “Exit sign”, “Fire terminal”, “Furniture”, “Heater”, “Lamp”,
“Outlet”, “Railing”, “Slab”, “Stair”, “Switch”, “Wall”, “Window” and a “Clutter” class that encompasses all
points not belonging to another class. Labels were annotated in two passes: 1) labeling by a single annotator (30
to 40 minutes per scan, depending on the complexity of the point cloud, the number of points and the diversity
of represented objects); 2) verification pass by an experienced annotator (20 to 30 minutes per scan). We then
annotated 20 additional point clouds with a simpler taxonomy of only 12 classes, shown in Fig. 4.3f. These

labels were annotated in a single pass, as the target objects are less ambiguous with simpler geometries. During

this process, the point clouds were partially cleaned of outliers and far away points.

4.4 An alignment method

Our method is detailed in a pseudo-code (Algorithm 1) and visually explained in (Fig. 4.6). Additional

details concerning computation time and confusion matrix are detailed in Appendix C.
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4.4.1 Pseudo-labeling from the 3D model

One of our goals is to evaluate the feasibility of using existing 3D CAD models to label automatically point
clouds for semantic segmentation. Pseudo-labels (i.e. labels from CAD model) could help leverage existing
databases of surveyed buildings that have been scanned and modeled, but not annotated at the point level. To this

end, we design an alignment algorithm to map the 3D model on a point cloud (Algorithm 1).

Algorithm 1: Pseudo-labeling of the point cloud using model-to-cloud alignment.

Data: point cloud < [p1,p2,...,Pn] 3 /* list of (x,y,z) points */
Data: model < [mesh;, meshy, ..., meshy] ; /* list of 3D objects */
Data: 7> 0; /* threshold */

classes <— initialize list of size n with “Clutter”;
for p in point cloud do
diin = +°;
for mesh in model do
d < compute signed distance between p = (x,y,z) and mesh;
ifd <O, /* point inside the object */
then
‘ classes[p] < class(mesh);
elseifd <tandd < dmin N /* p outside but near the closest object */
then
classes[p] < class(mesh);
duin = d,;

end
end
Result: classes ; /* classified point cloud */

First, we divide our 3D CAD model into objects. This allows us to separate individual instances of walls,
heaters (Fig. 4.6b), light switches and so on. For each object, we produce the corresponding 3D mesh. Since the
3D CAD model and the point cloud are georeferenced, we can compute a mesh-to-cloud distance for every point
in the point cloud. For each CAD object, we first compute its georeferenced bounding box. Then, we compute
the distance for each point inside the bounding box to the mesh of the object using the Metro algorithm [209],
implemented in CloudCompare [4]. All points that are inside the mesh are labeled the same class as the IFC
family of the object the mesh is derived from. To alleviate for geometrical discrepancies between the mesh and
the point cloud, points outside the mesh are assigned to their closest mesh as long as the distance is lower than a
predefined threshold. We then repeat this process for all objects. Remaining points that have not been labeled are

classified as “clutter”. This covers objects that are present in the scan, but have not been modeled, e.g. jackets
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(a) Point cloud of 3DSES (b) CAD of some heaters (c) Point cloud colorized by distance

Figure 4.6: Overview of our process for a point cloud of 3DSES. Our model-to-cloud alignment method treats
each scan separately (Fig. 4.6a), and the algorithm (Algorithm 1) utilizes a CAD model Fig. 4.6b to assign a
class label to each point (Fig. 4.6¢).

on chairs, books and papers on tables, etc.. For instance, Fig. 4.6c¢ illustrates the resulting from the distance
between “Heaters” and the XYZ coordinates of a 3DSES’s point cloud. The algorithm runs in around 9 hours on
CPU to align the full dataset (Bronze). This means the pseudo-labeling process (3D model + alignment) takes
~ 40 hours. In comparison, manual point cloud annotation takes 1 hour per scan on average, i.e. would have
taken 42 hours for 3DSES Bronze, including quality check. While these times are comparable, point clouds
are intermediate products in indoor surveys, the end goal of which is almost always the production of a 3D
CAD model. This is why we assess whether pointwise labels can be obtained as a “free” byproduct, without any

additional time dedicated to point annotation.

4.4.2 Evaluation of the pseudo-labels

Since 3DSES also includes real labels, we can evaluate how well the pseudo-labels match the ground truth.
To do so, we computed some standard segmentation metrics, i.e. Intersection over Union (IoU), mean Accuracy
(mAcc) and Overall Accuracy (OA) (see Appendix A). We used different confidence thresholds depending on

the object class:

* Gold: 4 cm for all classes, except for “Door”, “Furniture”, “Window”, for which we used 10 cm, due to
larger uncertainties when modeling;

* Silver and Bronze: 4 cm for all classes, except for “Door” (10 cm) and “Window” (15 cm).

Metrics are computed between pseudo-labels and the manual ground truth over the full dataset. We report

the alignment metrics in Table 4.2. We obtain high-quality pseudo-labels on Gold version with ~ 70% mloU
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Table 4.2: Evaluation of the accuracy of the pseudo-labels obtained using our alignment algorithm on 3DSES.
Intersection over Union (IoU) per class, mean IoU (mloU), overall accuracy (OA) and average accuracy (AA).
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Gold  21.00 80.96 95.95 77.29 91.95 73.16 86.57 79.48 91.08 66.71 37.59 58.52 95.05 59.07 45.66 93.64 64.55 36.44 94.66 83.09 69.70

Silver 25.02 X 9799 X 9397 7227 X X 82227388 X 58529620 59.07 X 91.52 56.67 83.88 96.37 83.40 74.68
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(a) A room with “Column”, “Heater”, “Window”, “Wall”(b) A corridor with “Door”, ‘Wall”, “Window” well seg-
well segmented by Algorithm 1. mented by Algorithm 1.

§
e

(c) Three screens. The red color (i.e.,”“Clutter”) indicates a (d) Two chairs. The red color (i.e.,“Clutter”) indicates a
segmentation error in our alignment methods. segmentation error in our alignment methods.

Figure 4.7: Presentation of pseudo-labels for several point clouds. Our method performs well on structural

elements. However, smaller elements, which are usually less well modeled, are susceptible to more mis-
annotations.
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Figure 4.8: Top view of 3DSES and the split of points across the , , and Bronze variants. Note that
these variants are inclusive, i.e. includes and Bronze includes

and 95% accuracy. Structural classes (“Covering”, “Slab”, “Wall”) are very well annotated, with a >90 % score.
This is expected as these entities have regular shapes with a fine alignment between the 3D model and the
point cloud. The lowest scores are on the “Outlet” and “Switch” classes, below 50 % mloU. Alignment on the
Silver variant is also satisfactory with = 75% mloU and > 96% accuracy. Metrics are higher on Silver since it
focuses on structural classes that are generally easier to align. The IoU for “Column” is also the lowest due to
the use of a slightly too small column diameter in the CAD model. The second worst score is for “Window”
with 69 %, as Silver contains more window types, including frames that deviate from the CAD model. Finally,
metrics on “Railing” and “Stair” are identical on Gold and Silver, since stairs cover the same area in both
datasets. Fig. 4.7 shows pseudo-labels resulting from our methods for several elements of 3DSES. Fig. 4.7a
and Fig. 4.7b reveal that our method performs well on structuring elements. However, using generic 3D shapes
in our method generates some errors. More precisely, 3D point clouds objects may be labeled as “Clutter” for
objects model using generic shapes. Fig. 4.7c highlights difficulties in correctly labeling screens using generic
shapes, due to their size and orientation. Furthermore, using generic chair models induces mislabeling of some

chair (Fig. 4.7d).

4.5 3DSES: Dataset variants

Based on the TLS scans and the manual annotations, we built three versions of the 3DSES dataset (cf. Ta-
ble 4.3). The Gold version is composed of the 10 scans annotated in 18 classes. We consider it to be the “gold
standard”, using fine-grained high quality real labels. We then extended it into a Silver version that contains all

the Gold data and an additional 20 scans. Silver labels use a simplified taxonomy of only 12 classes, that are less
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4.5. 3DSES: DATASET VARIANTS

Table 4.3: Characteristics of the three variants of the 3DSES dataset.

Variant Scans Points Ground truth Pseudo-labels Features Classes
Gold 7 10 65214193 RGB & I 18
Silver * 30 216181580 RGB &1 12
Bronze % 42 413486927 X RGB & I 12
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(a) Real labels distribution (Gold ). (b) Pseudo-labels (Silver # /Bronze ¥ ).

Figure 4.9: Distribution of the real and pseudo labels in the variants of the 3DSES dataset.

time consuming to produce. Both Gold and Silver variants of 3DSES are high quality, using a real ground truth
and cleaned up point clouds. Finally, we deliver a Bronze version that includes 12 more scans. Bronze contains
the raw point clouds and not the processed and cleaned clouds. These full point clouds are denser and noisier,
but also more representative of actual field scans. Since the additional point clouds have not been manually
labeled, the Bronze dataset uses the automatically generated pseudo-labels based on the 3D model using the

procedure detailed in Section 4.4.1.

Note that all variants suffer from class imbalance, as shown in Figs. 4.9a and 4.9b. Structural elements
are over represented compared to other classes, especially furniture and utilities, that are comprised of smaller
objects. This is a well-known issue in indoor datasets, such as S3DIS [120], which has 10x more wall points than
window points, and ScanNet200 [132], which contains 51 million wall points and only 50 000 fire extinguisher

points.

Train/test split We define a set train/val/test split with a common test area to all variants, based on three

scans located in the Gold section (scans S170, S171 and S180). It contains ~ 20.7 million points with real
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ground truth. This allows us to evaluate models on real labels only, whether they have been trained on real or
pseudo-labels. Ground truth labels on the test set are kept hidden for an use in a Codabench challenge. However,

as detailed in Appendix C, coordinates, color and intensity for this three point clouds are available on Zenodo.

4.6 Limits of deep models for small objects segmentation

To assess the difficulty of 3DSES, we evaluate initial baselines for the three variants: Gold, Silver and
Bronze. We opt for PointNeXt [100] and Swin3D [186], since they are some of the highest performing models
for semantic segmentation on S3DIS [120], and their code is available. We compare PointNeXt-S (800 000

parameters) to Swin3D-L (68M parameters).

Note that these models both perform voxelization (see Section 3.3 for more details) and therefore do not
benefit from the extremely high point density of 3DSES. In particular, PointNeXt is not designed to process
dense point clouds in optimum time (/= 4 hours per scan). To reduce inference times, we subsample our test
point clouds to 1 cm. We expect that future models evaluated on 3DSES will better take into account the fine

resolution of indoor TLS scans.

Hyperparameters We train Swin3D-L with AdamW, a cosine learning rate for 100 epochs, a batch size of 6,
and an inverse class frequency weighted cross-entropy to deal with class imbalance. PointNext-S is trained with
the original S3DIS hyperparameters: epochs = 100, batch size = 32, AdamW optimizer, a CosineScheduler
and a non-reweighted CrossEntropyLoss. We only tune the learning rate to /. = 0.05 (instead of 0.01 in original
setup). Following standard practices [210, , ], we use test-time augmentation and aggregate segmentation

predictions with a majority vote over 12 rotations. Models are trained on an NVIDIA RTX A6000.

4.6.1 Baseline for 3DSES

Results on 3DSES Gold © We train both Swin3D-L and PointNeXt-S models on 3DSES Gold: one on
the real labels and the other on the pseudo-labels. All models are evaluated on the ground truth over the test
area. Results are reported in Table 4.4. We observe that 3DSES is a challenging dataset: mean IoU is heavily
penalized by low performance on small objects. Classes comprised of small objects with few points (< 10°
points) are difficult to learn and the model either never predicts them, or makes significant errors. Note that
despite its high intraclass variance, “Clutter” is mostly well segmented with a > 50% IoU, showing that the

model is able to automatically identify most irrelevant objects from the point clouds. Interestingly, the results
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Table 4.4: Segmentation metrics on the test set for 3DSES Gold, either with real or pseudo labels (and intensity
features or not). Intersection over union (IoU) per class, mean IoU (mloU), overall accuracy (OA), average
accuracy (AA).
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PointNeXt-S

also show that Swin3D only slightly underperforms when trained on the pseudo-labels, with a 1.2% decrease in
mloU (47.8% vs. 49.0%) compared to the model trained on the real labels. Segmentation errors when using
pseudo-labels are concentrated on classes for which the alignment procedure showed weaknesses, such as “Stair”
and “Railing”. This demonstrates the potential of using CAD models to automatically label point clouds, as way
of circumventing the lack of annotated datasets for specialized settings (i.e. factories, schools or administrative
buildings. . .). PointNext struggles with 3DSES and achieves low mloU scores. However, the same trends hold

with better segmentation of structural elements and underperformance on minority classes.

Results on Silver ? / Bronze ¥ We report in Table 4.5 the segmentation metrics on the 3DSES test set
when training Swin3D and PointNeXt-S on Silver, both with pseudo and real labels, and on Bronze with pseudo
labels. We observe that metrics are consistently higher for all 12 classes on Silver with real label compared to
training the Gold subset. This is expected, since the Silver classification is simpler and removes small objects
that were heavily penalized. Yet, the larger training set (Silver is 3x as large as Gold) benefits the segmentation,
with higher scores on the “Lamp”, “Window” and “Clutter” classes that exhibit strong diversity. Training with
pseudo-labels on Silver results in a significant performance drop, correlated with the lower class alignment
scores discussed in Section 4.4.2. However results on 3DSES Bronze show that the noise in the pseudo-labels
can be alleviated by a larger dataset. Despite using raw point clouds and error-prone pseudo-labels, models
trained on Bronze achieves similar (PointNeXt) or even better (Swin3D) segmentation accuracy than when
trained on the clean Silver dataset. We assume that diversity partially compensates for label noise, allowing

models to learn better invariances despite small errors in the labels. In addition, the raw point clouds are denser
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Table 4.5: Segmentation metrics on the test set for 3DSES Silver and Bronze, either with real or pseudo labels
(and intensity features or not). Intersection over union (IoU) per class, mean IoU (mloU), overall accuracy (OA),
average accuracy (AA).
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that the clean versions used in Silver and Bronze and might provide more geometrical information that is more
costly to process, but also more discriminative. These observations show the tradeoffs of the three variants of

3DSES, from training on small high-quality data, to larger but noisier point clouds.

4.6.2 Impact of LiDAR intensity

As described in Section 4.2, 3DSES is the only indoor TLS dataset that provides LiDAR intensity. Previously,
in Section 3.5, we showed that intensity cannot be calibrated easily to retrieve the reflectance of objects. Since
3DSES contains only LiDAR intensity from one sensor (the RTC360) and are exported from a single software
(i.e., Register360), intensity variation across the dataset will be the same. In this section, we included the
constructor’s intensity as an additional feature in our models to evaluate its impact on semantic segmentation. As
shown in Table 4.4 for Swin3D, we observe a 3.0% increase in mloU when using intensity in addition to color
on real labels on Gold. Nonetheless, we observe a decrease for Swin3D on pseudo-labels (2.6%). However, the
drop is not consistent on all classes, e.g. few classes obtain better IoU. On the other hand, including the intensity
for PointNeXt improves mloU by 15% on Gold real-labels. This shows that intensity helps generalization of
smaller models. In Table 4.5, intensity helps Swin3D and PointNeXt in most cases. In comparison, Swin3D

trained on Silver variant with pseudo-labels and intensity obtains better scores (+12.7% IoU) than without
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Figure 4.10: Intersection over Union by classes for Swin3D on 3DSES Bronze H pseudo labels. RGB IoU is
subtracted from all RGB&lIntensity IoU results for better visualization. Intensity shows promising improvements
on some classes compared to the RGB baseline (e.g., “Exit sign”).

intensity. The histogram (Fig. 4.10), shows that adding to XYZ and RGB intensity help Swin3D on Bronze to
better segment several classes such as “Column”, “Exit sign”, “Heater”, “Lamp”. This raises concerns about

elements with high reflectivity and suggests that the intensity data from the RTC360 can be helpful.

Intensity & Handcrafted features In previous chapter, we showed handcrafted features can benefit recent
deep models. Here we test the contribution of the intensity with previous handcrafted features (LPS.V and

0OAS.S,) to determine if a combination can be helpful for recent deep models.

Table 4.6 shows that intensity is a discriminative feature for PointNeXt-S. PointNeXt-S benefits from the
contribution of intensity and other features (such as LPS.V and OAS.S,), and sees all metrics improve. With
major improvements on Gold variant: +13.5% mloU attained with intensity and color information. For Swin3D,
the results are a bit more contrasted, due to its high number of parameter. The intensity alone did not help
Swin3D to perform better on Gold and Silver variants; however, it helped to furnish +4.0% mloU on Bronze
variant. Overall, the preliminary results could indicate that LiDAR intensity can indeed be discriminative for

some classes, especially for larger datasets. Further experiments are required to validate these observations.
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Table 4.6: Segmentation metrics obtained with intensity & features on the 3DSES test set. Metrics obtained
using different geometric features and two models are compared with the RGB baseline. Note that results
from PointNeXt-S are the results of three runs and the standard deviations are printed in Table C.4. Contrary
to previous results, here the presented results are obtained with multiple runs and the latest checkpoints
(see Chapter 3). Green indicates an improvement compared to the baseline, while red indicates a decrease.
Mean intersection over union (mloU), overall accuracy (OA), average accuracy (AA).
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4.7 Conclusion

In this chapter, we introduced 3DSES, a new dataset for semantic segmentation of dense indoor LiDAR point
cloud. 3DSES fills the need for indoor TLS datasets designed for building survey and modeling. It contains a
unique combination of point cloud labels for semantic segmentation, a georeferenced 3D CAD model with BIM
oriented objects and LiDAR intensity, a radiometric feature not provided in existing datasets. We demonstrate
that using 3D CAD models to automatically annotate point clouds is a time-efficient strategy that produces
pseudo-labels with 95% accuracy compared to a manual ground truth. Moreover, we show that training on
pseudo-labels achieves similar performance to training on real ones on 3DSES. We show that segmentation
accuracy can benefit from LiDAR intensity in indoor settings, despite radiometry being often ignored in previous
works. Segmentation results demonstrate that 3DSES is a challenging new dataset, especially for BIM-oriented
classes, e.g. small building components such as electrical terminals and safety systems. 3DSES is a unique
dataset that contains all the steps required for automated scan-to-BIM: dense point clouds, semantic segmentation
labels and a full 3D CAD model. We hope that 3DSES will enable the creation and testing of deep models
for multiple tasks, from point cloud segmentation to BIM generation through mesh to point cloud alignment.
We will discuss this perspective in Chapter 6. In this chapter, we demonstrate that our methods can effectively
emphasize “frozen” data from land surveyor companies and contribute to creating datasets with small objects.
We hope this new dataset will stimulate research on indoor point clouds processing and motivate the community

to investigate auto-modeling tasks in scan-to-BIM.
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Abstract

Recent deep learning methods improvements stem from supervised learning and, consequently necessitate
labeled data. Meanwhile, point cloud labeling remains a tedious task, typically reserved for expert users
which leads to a limited number of datasets. In the previous chapter, we introduced a method that uses
existing CAD models from surveying companies to create pseudo-labels. But what if no point cloud data
is available? Should we discard this 3D model? Our intuition says no. In this chapter, we present a
method to generate fully synthetic 3D point clouds with small objects. First, we generate indoor 3D scenes
using a procedural home generator. Our approach relies on infinite procedural generation, which allows
us to generate a high amount of 3D scenes without human action. We then use virtual sensors to simulate
high-density point clouds. Finally, we discuss perspectives on the use of the point clouds generated for

semantic segmentation.

(b) Bathroom of the previous scene

(c) Point cloud with intensity [212] (d) Point cloud with semantic labels [212]

Figure 5.1: Overview of a 3D scene and its corresponding point clouds. IPCS is a unique synthetic point cloud
dataset for indoor point cloud segmentation. It contains indoor 3D scenes and point clouds with intensity and
semantic&instance labels.



5.1. BENEFITING FROM SYNTHETIC 3D SCENES

5.1 Benefiting from synthetic 3D scenes

Segmentation of 3D point clouds is an essential stage in a variety of applications, including Building
Information Modeling (BIM). As has been observed in other research domains, conventional methods that
rely on handcrafted features have been eclipsed by deep learning. However, recent progress in 3D point cloud
segmentation using deep learning depends on supervised learning and access to labeled data. Yet, the labeling of
3D point clouds necessitates the involvement of experienced users [119], leading to a limited number of labeled
datasets (see Chapter 2). For example, annotating the SemanticKITTI dataset [38] required 1,700 hours of labor
for 43,552 scans, and annotating the ScanNet [121] took over 500 hours for 1513 scans. Furthermore, recent
methods [105, ] uses multi dataset training to improve final segmentation, making these approaches label
hungry. In the previous chapter, we introduced a method for creating labels, without spending a lot of time on
detouring objects in 3D point clouds. However, our method assumes on the availability of both 3D point clouds
and 3D CAD models. But what happens when we do not have any point cloud? Do we discard the available
3D models? Thanks to virtual TLS, we can generate point clouds from this existing CAD model [119, 1.
But what if no CAD models are available? Can we extend this method to zero-existing indoor scenes? We are
convinced that yes, and propose in this chapter a method to generate synthetic indoor scenes before raycasting

3D point clouds (cf. Fig. 5.1).

Using synthetic data to improve performance on real data is not a new idea. It has already been employed in
text recognition [214], text localization [215], 2D object detection [216, ] and segmentation [218, ], and
even in 3D semantic segmentation of outdoor scenes [119, ]. A wealth of 3D environments is available [119]
in domains such as video games and land surveying companies. In the era of indoor point cloud segmentation,
synthetic image datasets can be employed to enable the creation of point clouds and pre-train deep models.
However, point clouds generated by these approaches may face photogrammetric challenges such as occlusion
and low point cloud density. Recently, some synthetic point cloud datasets have been proposed [119, ], but
these mainly concern outdoor settings (cf. Section 5.2.4). Point clouds collected outdoors using mobile laser
scanning (MLS) differ from those acquired indoors using terrestrial laser scanning (TLS) in terms of point

density and object distribution. This limits the use of outdoor datasets to pre-train deep models for indoor tasks.

In this chapter, we present a pipeline for creating synthetic TLS point clouds in indoor environments
(cf. Fig. 5.2). Prior to considering the use of surveyor CAD models to improve the segmentation of small profes-

sional objects (e.g., alarms, extinguishers and outlets, ... ), we opted to generate indoor scenes using a procedural
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generator to validate our approach. We introduce IPCS (“Indoor synthetic Point Cloud Segmentation”): an
indoor synthetic LiDAR dataset for indoor point clouds segmentation. IPCS consists of virtual TLS point clouds
containing a large number of small objects (e.g., books, forks, desk lamps and spoons). IPCS has been developed
to enable the community to pre-train new deep models on TLS point clouds and improve the accuracy of small

object segmentation.

Eﬁ 4 » | ‘ M— A

(a) Blender scene generated by Infini- (b) Point clouds with BLAINDER [212] (c) Point clouds with BLAINDER [212]
gen [221]. colorized with the simulated intensity ~ colorized with the semantic labels.

Figure 5.2: Modalities of IPCS. Blender scenes are generated using Infinigen [221]. Then, a virtual TLS [212]
moves inside each indoor environment to produce synthetic point clouds with intensity. This enables us to assign
object names to each point. These objects are then grouped into different semantic classes.

5.2 Previous works

The idea of generating synthetic data to train deep models is not new [222, 223]. Many studies have looked
into the lack of labeled data in 3D fields. These studies have developed methods to create synthetic point clouds
(Section 5.2.1 and Section 5.2.2), generate synthetic environments (Section 5.2.3), and create 3D synthetic

datasets (Section 5.2.4).

5.2.1 Virtual sensors

In 2007, Lohani et al. [224] developed a simulator dedicated to airborne acquisition. The authors created
a simulator, with a graphical user interface that can generate scenes. A virtual sensor has also been used to
model full-waveform signals and calculate beam divergence to improve tree height estimation [225]. However,
previous simulated ALS can only work with “2.5D” environment and only measures from above [226]. This
means that it is not possible to measure from the ground, and so the developed approach cannot be used to

get TLS measurements. To enable TLS acquisition, the pipeline must enable the representation of complex
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objects and be suitable for measurements at close distance and in any direction [226]. Hodge [227] is one
of the prior studies dedicated to modeling beam divergence within the scope of TLS. However, the system
was designed to work with small scenes (< 1 x 1m) and supported only one scan position. One of the first
approaches using 3D geometry to enable TLS acquisition is presented in [228]. Then, an approach especially
designed for TLS measurements was proposed to simulate the interaction between LiDAR and a tree [229].
Blensor [230] is another virtual scanner simulation. It is fully integrated with Blender [231] and enables the
simulation of multiple sensors, such as rotating LiDAR and time-of-flight (ToF) cameras. In addition, Blensor
sensors support ray reflection. As a virtual sensor, Blensor stores the ground truth for each ray. It relies on a
community software named Blender to model dynamic or static environments. This enables researchers to reuse
existing 3D scenes to create synthetic point clouds without having to recreate environments in other software.
HELIOS [232] is an alternative developed to support the simulation of multiple virtual sensors: TLS, MLS and
ALS. The advantage of HELIOS is its flexibility: the XML format supports a broad range of scenarios and
requirements. The platform uses triangle meshes to define scenes and supports various formats, such as “.obj”,
“.geotiff”, and “.xyz” but not Blender scenes. Other works have focused on providing additional data for deep
learning approaches. For example, SqueezeSeg [233] designed a LiDAR simulator [234] in Grand Theft Auto
V. They position a LiDAR scanner and a camera on an autonomous vehicle in the game to acquire 3D point
clouds and images. This setup enabled the authors to double the number of samples in their training set. Finally,
to produce more realistic point clouds than those in SemanticKITTI, the authors added noise to the 3D point
clouds. VRScan3D [235] introduces a virtual reality environment, designed for student applications. VRScan3D
simulates brand TLS (such as RTC360, Faro), however, TLS needs to be moved manually and labels are not
recorded. Similar to Blensor, BLAINDER [212] is an add-on for the Blender modeling software. Focusing on
LiDAR and Sonar simulation, BLAINDER enables users to customize sensors and implement them in various
environmental conditions (e.g. rain, fog). A more recent paper [220] focuses on simulated outdoor point clouds
using the well-known CARLA [236] simulator. CARLA (Car Learning to Act) is an open-source simulator
dedicated to autonomous driving research. It is used to simulate urban environments in order to evaluate deep
models for tasks such as autonomous driving. CARLA simulates environments and provides an interface to
interact with agents. These environments comprises 3D models of buildings, roads, traffic signs, etc., as well as
dynamic objects such as cars and humans. HELIOS++ [226] is the direct successor of HELIOS. Compared with
its predecessor, HELIOS++, reduced computation times in most scenarios. However, HELIOS++ supports the

same files as HELIOS and does not directly support Blender scenes. Although an add-on has been developed
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Figure 5.3: View of a 3D point clouds sampled on 3DSES’s CAD model. The 3D points are colored using the
color of the CAD elements.

“Blender2Helios” [237], it is designed for Blender 2.8. Regarding proprietary CAD models, DynamoPCsim [238]
enables TLS acquisition with a visual programming environment, but it’s limited to BIM models loadable in

Revit [208].

5.2.2 Alternatives to virtual sensors

Other approaches have been proposed to create 3D labeled point clouds without relying on virtual sensors.

Sampling from 3D mesh The easiest way to produce a point cloud is to sample points on a mesh (Fig. 5.3).
If the mesh is labeled, this creates 3D point clouds with high-quality labels. As there are lots of Building
Information Models (BIMs) [239], 3D coordinates can be sampled on BIMs [240, 239] to create synthetic
labeled datasets. This is now being used in the field of heritage [24 1], where it is possible to extract point clouds

from 3D models of real historical buildings.

Deep generation These methods use convolutional deep belief networks [148], GANs [242], normalizing
flows [243] or autoencoders [244] to generate synthetic point clouds. However, most of these methods only focus

on objects and do not generate complex scenes. Generating complex 3D scenes is a more arduous process. Neural
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Table 5.1: Overview of some datasets with indoor environments from the literature. These datasets encompass
a variety of object categories and were produced using various methods, including optimization algorithms,
artistic layouts and procedural rules. This dataset can be used to recreate 3D point clouds using photogrammetric
approaches (see Section 5.2.4).

Name Environment Classes Extent' Free Assets R/S  Simulator
SceneNet s Indoor 255 NA 4 S Optimizer
InteriorNet 9 Indoor 158 NA X S Artists layouts
Replica pso Indoor 88 18 4 R Real-world scans
Structured3D s Indoor 40 3500 X S Artist layouts
OpenRooms 252 Indoor 44 NA 4 R Real-world scans
Hypersim 19 Indoor 19 461 X S Artist layouts
3D-Front ps3 Indoor 31 NA 4 S Artist layouts
ProcTHOR-10K 1 Indoor 108 10K 4 S Procedural rules
HSSD-200 255 Indoor 28 211 X S Artist layouts
Aria Synthetic Environments ) Indoor NA 100K v S Procedural Rules
SpatialGen 57 Indoor NA 12328 NA S Artist layouts

NA: information Not Available. | Number of scenes

Radiance Fields (NeRF), for example, are used to generate synthetic LIDAR data that closely resembles real 3D
data for use in autonomous driving [245, ]. Another approach, SemCity [247], attempts to generate “real”
outdoor point clouds. It uses a 3D diffusion model for inpainting (adding objects) and outpainting (enlarging the

scene) tasks, learning from real outdoor scenes.

5.2.3 3D scene generation

Virtual sensors can generate high-quality synthetic point clouds from 3D scenes. However, they do not
generate the 3D scenes themselves. In order to simulate 3D point clouds, it is necessary to produce the 3D data.
Human modeling of 3D scenes is a time-consuming process, particularly when focusing on detailed scenes with
small objects such as cups, trinkets and towels. Consequently, methods that do not rely on human involvement

have been developed. In this section, we list some approaches dedicated to 3D scene generation.

Rely on humans One solution for creating indoor synthetic datasets is to rely on human environment artists.
InteriorNet [249] was the first large-scale dataset to use human-created interior layouts for generating indoor
environments and rendering images. More recently, Structured3D [251], HyperSim [219] and 3D-Front [253],
HSSD-200 [255] introduced photorealistic datasets based on 3D environments created by professional designers

and generate 2D images. Replica [250] and OpenRooms [257], are based on real-world scans. The previous
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dataset does not furnish point clouds, but only images. Although it is possible to recreate point clouds from
images, we discard this idea here due to differences between photogrammetric and TLS point clouds. In terms
of 3D point cloud datasets, the single dataset, BelHouse3D [258], also relies on real indoor environment models
created by humans (e.g., real-world acquisitions). However, certain datasets do not provide the raw 3D scenes,
rendering ray-casting of 3D point clouds impossible. Even if the raw 3D scenes are available, previous datasets
are not suitable for generating a large variety of indoor environments, since they rely on human intervention and

a fixed library of assets. Therefore, we opted not to use them to generate synthetic point clouds.

Neural 3D based generation methods Recently, some papers have attempted to generate indoor scenes
using deep models trained on labeled 3D data [259]. The methods grouped in this section can be categorized in
scene-parameter, graph, semantic layout or implicit layout. Scene parameter methods attempt to learn object
relationships from labeled data. These rules are based on factors such as reach (e.g. a wheelchair needs to be
close to a desk and less likely to be close to a bathroom), visibility (e.g. a TV and a sofa), lighting, and access
(particularly with regard to doors). FastSynth [260], for instance, uses deep convolutional generative models
to insert objects into scenes. LayoutEnhancer [261], ATISS [262] and SceneFormer [263] utilize Transformer
architectures for the prediction of object parameters (e.g. class, location, size). SceneFactor [264] is a method
that simplifies the editing of 3D scenes using a text guidance and diffusion approach. SceneFactor first generates
a semantic box from the text input and then generates geometry from this box. However, the constraints learned
by previous methods are limited by the quality of the raw data [259]. In contrast to methods based on scene
parameter, scene graphs methods enable models to impose spatial relations. For instance, PlanIT [265] divides
the layout generation problem into two phases: planning and instantiation. The planning phase is achieved
with a generative model over graphs, and the placement of objects (i.e. instantiation) is performed using 2D
images and 2D networks to place objects as realistically as possible. Para et al. [266] employ Transformers
for graph generation; however, they use optimization (i.e. a Linear Programming problem [267]) to generate
the final layout. SceneHGN [268&] utilizes a hierarchical approach to generate indoor scenes, allowing users
to edit parts of the geometry at various scales. Semantic layout can be either 2D [269] or 3D [270), ], and
furnishes a representation that guides 3D environment generation, ensuring coherence in object placement.
Implicit layout methods [272, ] are employed to learn the layout, which is then decoded (i.e. using NerF or a
3D Gaussian) for 3D generation [259]. Recently, SpatialGen [257] introduced a multi-modal diffusion model for
generating high-fidelity indoor scenes. However, this approach relies on fixed data (human-designed floorplans)

and struggles to generalize to highly diverse scenes. While generating scenes with high semantic consistency,
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neural 3D methods are limited by their time efficiency and the datasets available.

Image or Video generation In addressing the scarcity of 3D labeled data, some approaches attempt to
leverage images [274, ] or videos [276, s ] to generate 3D scenes [259]. However, image-based

approaches failed to capture the global context, while video-based approaches encounter time efficiency issues.

Procedural generation One alternative approach to creating 3D scenes is procedural generation, whereby
predefined rules are used to create and place objects [221]. This process allows for the creation of multiple
variations of scenes without the need for real-scan or manual modeling [221]. Procedural generation can be
categorized into three approaches: methods based on rules, methods based on optimization, and methods
employing Large Language Model (LLM) [259]. One early alternative for creating 3D environments is to use
hardcoded programs (i.e. ruled-based methods) to represent object constraints [279]. Another option is to
use real indoor environments (e.g. man-made 3D scenes). For example, SceneNet [248] employs a library of
indoor objects (such as the Stanford Database [280]) and places them with a hierarchical simulated annealing
optimization in a real indoor environment to create new scenes. Furthermore they pay close attention to
textures, ensuring that they provide variability in the scenes. However, this approach is limited to a fixed list of
assets. An alternative approach is to use an optimizer, i.e. consider the generation as an optimization problem
that minimizes predefined constraints. For instance, LUMINOUS [281] introduces a new method for indoor
generation method called CSSG (Constrained Stochastic Scene Generation). This method synthesizes scenes
until the layout satisfies the user’s requirements. Procthor [254] utilizes multi-stage conditional sampling to
iteratively define a comprehensive indoor layout, beginning with a floor plan, incorporating walls and doors, and
subsequently adding objects. However, these two previous methods are limited in terms of objects and materials.
Infinigen [282] is a rule-based method that enables the generation of outdoor scenes and relies on Blender [231].
Infinigen’s generation process does not rely on external assets; each object or texture is procedurally generated.
Each scene generated by Infinigen, as well as object arrangement, is based on mathematical rules and can be
simply modified to create variety in the environment. Moreover, Infinigen is equipped with a procedure that
details the process of creating new constraints, and this process is accessible to non-expert users (i.e. those who
benefit from the simplicity of Blender node graphs). Infinigen is limited to natural scenes, but was extended
to indoor scenes with Infinigen Indoors [221]. Infinigen Indoors, like its predecessor, is not dependent on
external resources. This allows the pipeline to generate a wide range of indoor scenes. More recently, LLMs

have been employed to generate layouts from prompts (GraphDreamer [283], LayoutGPT [284]), and to adjust
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Table 5.2: Comparison of the characteristics of various synthetic point cloud datasets from the literature. It can
be seen that the IPCS dataset is unique in that it is the only indoor synthetic dataset acquired by a virtual TLS.
The IPCS dataset surpassed other indoor datasets in terms of number of points, demonstrating a very high point
density. It is also worth noting that IPCS is currently the only synthetic dataset that incorporates intensity from
the virtual sensor.

Name Environment Classes Points (M) Color Intensity R/S Simulator Source

SynthCity (119 Outdoor 9 367.95 4 X S Blensor MLS
KITTI-CARLA ps7 Outdoor 23 4500 4 NA S CARLA MLS
Paris-CARLA-3D (1 Outdoor 23 700 4 X R+S CARLA  MLS
SynLiDAR ps9) Outdoor 32 19482 X V| S AirSim MLS
SP3D iy Outdoor 10 34 X 4  R+S HELIOS++ MLS
SynthmanticLIDAR (-2 Outdoor 30 7.2 X X S CARLA MLS

BelHouse3D () Indoor 19 1310 X X S Sample 3D model
IPCS Indoor 80 >64000 X 4 S BLAINDER TLS

NA: information Not Available.

parameters of rule-based methods (Holodeck [285]). SceneScript [256] also utilizes LLMs and has released an
indoor dataset called Aria Synthetic Environments to test layout estimation tasks. However, LLMs can produce

unnatural placements [286].

5.2.4 Synthetic point cloud datasets

As previously discussed, a key bottleneck for point cloud segmentation is the availability and the accuracy of
labeled data. One solution is to generate synthetic data for pre-training deep models. This section introduces
some synthetic datasets that can be used for this purpose. Table 5.2 presents some characteristics of theses

datasets.

Outdoor synthetic datasets All the datasets presented in this section were generated using an MLS sensor
to produce 3D point cloud data. One of the earliest examples is SynthCity [119], which modeled 3D scenes in
Blender and then used a MLS sensor with Blensor to generate 3D point clouds. SynthCity also provided RGB
colors alongside XYZ coordinates. While SynthCity used Blensor, the KITTI-CARLA [287] and Paris-CARLA-
3D [288] datasets relied on the CARLA simulator, as their names suggest. The most recent outdoor synthetic
dataset, SynthmanticLIDAR [220], also used this simulator. The Paris-CARLA-3D dataset contains synthetic
data as well as real point clouds with human labels acquired in Paris. These real labels allow the authors to

evaluate transfer methods on real point clouds. SP3D [213] also includes point clouds with manual annotation.
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As with previous datasets, SynLiDAR [289] used virtual scenes created by professionals using Unreal Engine
4 [290]. They then used AirSim [291] for LiDAR simulation. On SynLiDAR, the intensity was generated by a
deep model trained on real point clouds. Furthermore, a Point Cloud Translator deep model was employed to

generate more realistic point clouds. This deep model was also trained on real point clouds.

Additionally, MLS is a common acquisition method for outdoor point clouds, but differs from TLS, which
is most commonly used in indoor scenes. Moreover, these outdoor point clouds do not have the same level of

detail as indoor point clouds, which limits the use of these datasets for indoor applications.

Indoor synthetic datasets Structured3D [251] is a photorealistic indoor dataset comprising house designs
created by professionals. It consists of 21,835 rooms and 3,500 scenes. The authors used professional indoor
designs to create 2D renderings with labels. Although Structured3D does not provide XYZ point cloud
coordinates, recent semantic segmentation architectures [ 186, ] have used it to pre-train their point cloud
segmentation models. Swin3D [186] uses all Structured3D RGB-D images, along with their intrinsic and
extrinsic camera parameters, to reconstruct 3D point clouds. Another dataset, Hypersim, is dedicated to 2D
indoor renderings [219]. The Hypersim authors benefit from 461 indoor scenes created by professional artists,
which are used to generate 77,400 images. Similar to Structured3D, HyperSim includes parameters (such as
focal length, rotation matrix, and translation vector) that enable the reconstruction of a 3D scenes and point
clouds. However, to the best of our knowledge, this dataset has not been used to pre-train deep models for the
semantic segmentation of point clouds since 3D models are not available. BellHouse3D [258] is a synthetic
indoor dataset designed for 3D semantic segmentation. It was constructed using a real-world environment
comprising 32 Belgian houses, acquired with an RGB-D sensor. The authors then used Blender and the raw
point clouds to create 3D models of all the houses. The XYZ coordinates of the point clouds were obtained
by sampling points on the surfaces of the 3D objects generated by Blender. Furthermore, the authors added a
test set with occlusions to enable evaluation of out-of-distribution data. Rather than removing points arbitrarily
or randomly, the authors used the original viewpoints of the RGB-D cameras to simulate real occlusions. The
3D-Front dataset [253] is not designed for the semantic segmentation of 3D point clouds. However, it contains a
large number of 3D scenes (18,997 rooms) and can be used with “sampling” methods to create synthetic 3D
point clouds. For example, this dataset enables the generation of synthetic point clouds for pre-training a transfer
network [292]. However, some objects in 3D-Front do not contain textures (e.g. wall, floor) and require colors to

be set arbitrarily.

These datasets are primarily dedicated to 2D rendering rather than 3D rendering. Furthermore, some datasets
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do not provide the 3D models. Moreover, their creation process relies on humans, which means that they cannot

be used to generate an very large number of indoor environments.

IPCS is the only indoor dataset that contains 3D point clouds generated by a virtual TLS. A simulated
intensity value is also available for each XYZ coordinate. IPCS provides a large number of semantic classes,
with 80 classes as well as instance labels. With its high-density point cloud, IPCS provides a large number of

points (over 64 billion), twice as many as SynLiDAR.

5.3 IPCS (Indoor synthetic Point Cloud Segmentation)

In this section, we present our framework for generating synthetic point clouds. First, we focus on generating
3D synthetic indoor environment (Section 5.3.1). After generating the 3D scene, we use a virtual sensor to

produce the synthetic indoor point clouds(Section 5.3.2).

5.3.1 IPCS 3D scene generation

The objective of this chapter is to generate indoor point clouds without any existing data. Therefore for the
3D generation, we do not assume that CAD models are available. Moreover, to pre-train deep models, we need
a huge amount of data with variety, consequently, we cannot rely on human artist layouts and be limited by
assets. For these reasons, we turned to procedural generation and more precisely Infinigen Indoors. With its
user-friendly interface and command-line functionality, Infinigen Indoors enables us to generate a large number
of scenes. Fig. 5.4 illustrates several indoor rooms that were generated by Infinigen Indoors. This procedural
generator enables us to create scenes with a high level of detail, as shown in Fig. 5.6. Infinigen Indoors was used
to produce 384 scenes for more than 100 000 m? of indoor environments. Table 5.4 illustrates the distribution of
room types in IPCS. Our indoor scenes contain classical indoor room types (e.g. bathrooms, bedrooms, hallways,
...). We refer readers to Raistrick et al. [221] for a list of available room types in Infinigen Indoors. Fig. 5.5

plots the distribution of objects in IPCS and demonstrates the diversity of objects in our synthetic dataset.

5.3.2 3D point clouds simulation

Previously, we opted for a procedural approach to generate 3D indoor scenes with high levels of detail in
Blender. To avoid an additional step (i.e., exporting Blender scenes to another format), we limit ourselves to

virtual sensors working with Blender scenes. Due to this constraint, we had to ignore certain virtual sensors,
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(a) Bathroom (b) Bedroom

(c) Kitchen (d) Living room

Figure 5.4: Examples of indoor renders of IPCS created using Cycles [293] in Blender [231]. These renders
were achieved using different rooms, such as “bathroom”, “bedroom”, “kitchen” and “living room”, containing
everyday items (such as microwaves, sinks, towels, ...).

Table 5.3: Area of IPCS. IPCS covers an area of more than 100 000 m? with different sizes of scenes.

Number of scenes Total area Mean area Max area Min area

387 104 831.37 m? 270.88 m? 789.75 m? 132.38 m?

Table 5.4: Distribution of scene categories across IPCS. For a list of available room types in Infinigen Indoors,
refer to Raistrick et al. [221].

Category Balcony Bathroom Bedroom Closet Dining-room Garage Hallway Kitchen Living room Stair case Ultility
Number 195 887 737 443 388 131 244 389 434 90 161
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Figure 5.5: Distribution of IPCS objects. This graph illustrates the variety of objects in IPCS thanks to the

procedural generation.

(b) Shelf containing several small objects

(a) Fork and spoon on table

Figure 5.6: Scenes rendered by Infinigen Indoors contain a variety of small objects, such as books, forks, spoons
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Figure 5.7: Visualization of a point cloud from IPCS. The scanning artifacts are in blue.

such as HELIOS, VRScan3D and HELIOS++. Although Blensor is integrated with Blender, it works with an
outdated version of the software. Therefore, to raycast point clouds in our Blender scenes, we have chosen
to use BLAINDER. BLAINDER enables raycasting via Blender command-line and is therefore particularly
well-suited for our use case. BLAINDER focuses on active distance measurement and simulates a time-of-flight
(ToF) LiDAR, as detailed in Chapter 2. Moreover, we enabled reflection and refraction in Blender to generate

“scanning artifacts” and render a scene that is more realistic (see Fig. 5.7).

BLAINDER also enables the recording of an intensity information for each point cloud (cf. Fig. 5.8a).
BLAINDER advances that, in a perfect case (e.g. mirror or smooth surface), the reflection law should be applied.
However, under the assumption of the Lambertian model, the ray is reflected in multiple directions, making
reflections complex to simulate [212]. To record intensity, BLAINDER employs Eq. (5.1) and uses R, the

Bidirectional Reflectance Distribution Function (BRDF), and the incidence angle, denoted by 0:
I, =R-1,-cos(0) (5.1

Therefore, we recorded the intensity during the virtual TLS acquisition and included it in our dataset.

In this chapter, we aim to simulate the RTC360 scanner from Leica Geosystems, a commonly used TLS in
indoor surveys. This TLS is a high-speed 3D scanner that incorporates a high-dynamic-range (HDR) spherical
imaging system. For the purposes of this study, colorimetric acquisition is not crucial, since we do not generate

images from BLAINDER. The RTC360 is a rotating scanner that uses time-of-flight (ToF) technology to measure
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distances, as well as Waveform Digitizing to improve distance measurement accuracy. As previously observed,
the field of view (FOV) is a critical parameter for virtual 3D point cloud acquisition. For the RTC360, the FOV
is as follows: 360° for the horizontal circle and 300° for the vertical circle. Consequently, the RTC360 has a
cone with a 60° angle below the scanner within which no objects can be scanned. Regarding resolution and

distance range, the RTC360 offers three setups:

1. High resolution: 3 mm at 10 m with distance range € [0.5m, 65m]
2. Medium resolution: 6 mm at 10 m with distance range € [0.5m, 130m]

3. Low resolution: 12 mm at 10 m with distance range € [0.5m, 130m]

Since the highest resolution produces very dense point clouds, we opted for the minimal resolution for our
simulations. This resolution allows us to generate high-density point clouds while ensuring that the IPCS point
clouds can be processed by the community. For the distance range, we kept the original parameters from the
RTC360 user manual: d,;, = 0.5m and d,,,, = 130m (where d,,;, is the minimum distance at which an object

can be scanned by the RTC360, and d,;,,, is the maximum distance at which an object can be digitized).

Door opening and pathway When generating indoor point clouds, it is essential to consider both the path
of the virtual sensor and the door openings to reduce real-world acquisition. In real-world acquisition, numerous
scans are achieved to scan all the environment, even below doors. These scans below doors serve to link room
scans with hallway scans, which is essential for registering 3D point clouds. In our method, we simulate the
way a person moves around an indoor environment when scanning it. This consists of fully opening a door and
performing a scan below it. After performing this scan, the door in the virtual scene is opened at a random angle,
and the virtual TLS moves to the middle of the room. We repeat the process for all rooms in the scene to obtain

a point cloud of all the 3D scene.

IPCS point clouds statistics The IPCS point clouds are under generation, however, for now, the virtual TLS
acquisition concerns 385 scenes, corresponding to 103 717 m?. IPCS actually contains 7356 virtual scans for

64 872 867 884 points.
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(a) Crop section of a kitchen room of IPCS (b) Shelf containing many small objects

Figure 5.8: Thanks to Infinigen Indoors, the point clouds generated by BLAINDER [212] contain several small
objects. Furthermore, BLAINDER enables us to produce point clouds with intensity (see Fig. 5.8a) and semantic
labels (see Fig. 5.8b).

5.4 Perspectives

This section describes the preliminary use of IPCS for point cloud segmentation using deep learning. Our
study employs a state-of-the-art algorithm: Superpoint Transformer (SPT) [294]. As IPCS is the largest and
most dense synthetic dataset for indoor point cloud segmentation, we need to be cautious about the training and
inference times of the models we choose. For this preliminary usage of IPCS, we use a subset of [IPCS comprising
of 1792 virtual scans and 15 781 512 046 points. As our primary objective is to evaluate the contribution of
IPCS on S3DIS [120], we apply the same preprocessing as SPT uses for S3DIS, except with regard to features.
We do not use color and elevation features for superpoint creation and during training. We do not use them, since
IPCS does not provide color information, and elevation computation is based on a heuristic that currently yields
ambiguous results. For training on IPCS, we use 1285 scans for training, 330 scans for validation and 117 scan
for testing the model. The hyperparameters used for training are as follows: epochs = 100, AdamW optimizer,
CosineScheduler, Ir = 0.1 and weighted CrossEntropyLoss. The batch size is equal to 1, since all scans of an

area are merged to create the superpoint (the same process as for S3DIS).

On our small IPCS test set, we obtain a mloU of 61.16%. We then employ this model directly on Area 5
point cloud from S3DIS. Fig. 5.9 shows promising result. Without fine-tuning, the model trained on IPCS is
already capable of correctly segmenting some points in S3DIS (e.g. “Ceiling light” and “Table dining”). Further

experiments are now needed to validate the interest of IPCS for real indoor point cloud segmentation.
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(a) Point from S3DIS tag as “Ceiling light” (b) Point from S3DIS tag as “Table dining”

Figure 5.9: 3D points from Area 5 of S3DIS [120] segmented using a deep model trained on a subset of IPCS.

5.5 Conclusion

In this chapter, we reviewed methods for generating 3D indoor environments and for raycasting synthetic
3D point clouds. We highlighted that no existing approach combines 3D environment generation and virtual
TLS acquisition in indoor environments. No TLS point cloud datasets are available to pretrain deep models. We
proposed a method for generating high-density TLS point clouds with detailed small objects. We first benefited
from an indoor procedural generator to generate high-quality scenes containing a variety of common objects.
Then, in line with land surveyor practices, we moved a virtual TLS inside each room to produce to 3D scans.
Our approach enabled us to generate the largest synthetic indoor dataset, covering with more than 64 billion
points covering an area superior to most of real indoor dataset: 103 717 m?. IPCS is just the beginning, and
we hope that the community will use this large-scale dataset to pre-train deep models for improve accuracy in

downstream tasks on real point clouds. We will discuss this perspective in Chapter 6.
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6.1. SUMMARY OF CONTRIBUTIONS

6.1 Summary of contributions

In this thesis, we attempt to enhance deep learning-based segmentation of small objects, while enabling the

use of existing data from land surveyor companies.

Improving segmentation with handcrafted features First, we study the contribution of expert features.
We demonstrate that recent deep models, particularly the smallest architectures, benefit from expert features.
Furthermore, we demonstrate that handcrafted features can assist models in recognizing certain under-represented
classes of small objects. However, since handcrafted features may be unavailable at test time, we introduce a
DropFeatures strategy, which randomly resets features during training. This strategy was designed to make
deep models more robust to the absence of features. Our results demonstrate that the DropFeatures strategy not
only makes the model more robust, but it also enhances deep segmentation performance. We also conducted an
experiment on TLS intensity, and have shown that intensity can vary along the same element, as well as posing
difficulties in normalizing it. With this study on handcrafted features, we can benefit from older surveyor point
clouds without relying exclusively on XYZ coordinates when color is absent. However, these older 3D point

clouds often do not come with labels but include a CAD model.

A realistic indoor point cloud segmentation dataset To address the issue of insufficient labeling, particu-
larly with regard to small objects in older land surveyor data (i.e. 3D point clouds), we introduced two significant
contributions in Chapter 4. First, we open-sourced a LiDAR dataset called 3DSES, which is designed for the
semantic segmentation of small objects. We also introduced a model-to-cloud alignment algorithm to benefit
from existing 3D models, in the hope that it will help the community to label 3D point clouds more efficiently.
By introducing small objects, high-density point clouds and intensity with 3DSES, we challenge existing deep
models and the community to generate methods that can process real indoor TLS point clouds. We also showed
that the intensity can improve deep learning accuracy despite the difficulty of calibrating it across different

scanners. However, what if no labels, point clouds, nor CAD models are available?

Synthetic 3D scenes for small objects segmentation In this chapter, we tackled the lack of annotated
3D data. We presented a large-scale synthetic dataset containing detailed indoor point clouds. We proposed
a method that first generates indoor scenes containing small objects (such as forks, spoons, etc.), for an area
greater than 703 000 m?. We then used a virtual TLS to generate high-density indoor point clouds with intensity.
Using a virtual TLS allowed us to obtain high-quality semantic labels (i.e., 80 labels) as well as instance labels

for over 64 billion points. We hope that this dataset will help the community to pre-train supervised deep models
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or design self-supervised deep models for the semantic and instance segmentation of point clouds.

6.2 Perspectives

The contributions previously presented enabled us to enhance segmentation of real indoor TLS scans with
a high level of detail. However, some questions remain. These can be categorized as follows: ongoing work

(Section 6.1) and long-term perspectives (Section 6.2.2).

6.2.1 On going work

Handcrafted features In this thesis, we used handcrafted features to improve deep learning segmentation
(see Chapter 3) with the aim of benefiting from older surveyor acquisitions. However, these acquisitions often
lack color information. Further experiments involving only features and 3D coordinates are required to validate
the contribution of features, particularly in cases where RGB data is unavailable. In Chapter 3, we showed the
potential of handcrafted features for small objects and smallest architectures. Further experiments are needed
to confirm this contribution, for example with other small architectures (e.g. SuperPoint Transformer [294],
RandLA-Net [101]) and datasets containing small objects (e.g. ScanNet++ [39]). This contribution could be
pivotal for integrating deep learning into industrial applications. Industrial cases often involve segmenting small

objects, such as manual triggers and valves, and companies typically lack access to high-performance GPUs.

Radiometric information “Does the intensity improve performance when mixing multiple TLS acqui-
sitions?” In Chapter 3 and Chapter 4, we showed promising results with intensity features. In Chapter 3,
we attempted to calibrate the intensity features, but faced issues due to the manufacturer’s pre-processing.
Further work is needed to calibrate the intensity, with the aim of retrieving the reflectance of objects. Moreover,
large-scale point cloud acquisitions involve several TLS devices from different manufacturers, as well as ALS
devices. As seen in this thesis, intensity differs according to the apparatus used, so calibrated intensity would be

beneficial in these large-scale point cloud acquisition cases.

3DSES: instance segmentation “Can we apply 3DSES alignment to instance segmentation?” The method
developed in Chapter 4 can be extended to produce instance segmentation labels. For instance, each object of the
3D CAD model is uniquely identified, enabling us to isolate them. Therefore, we can split the CAD models by
object rather than by semantic class, as utilized in Chapter 4. Then using the methods introduced in this thesis,

alignment between the CAD model and the 3D point cloud will give us “instance pseudo-labels”. However, to
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e

(a) Lamp class extracted from 3DSES (b) Lamp instances individually isolated

Figure 6.1: Lamps of 3DSES, isolated by connected components [4], and colorized by instance.

determine the accuracy of this alignment, we need an instance ground truth, which is not provided in 3DSES. To
address this, we propose to use a Connected Components function [4] to create groups of points based on 3DSES
semantic labels. Fig. 6.1 shows the result of Connected Components on the “Lamp” class of 3DSES. If a human

step is added, it will enable us to obtain instance segmentation ground truth and thus compute these metrics.

Pretrained deep models “Can IPCS improve the segmentation of real indoor point clouds containing small
objects?” In Chapter 5, we generated a large-scale synthetic indoor dataset comprising 3D models and 3D
point clouds. To confirm the potential of IPCS in semantic segmentation of small objects, pretraining deep
models on IPCS and testing them on real scenes needs is now required. Recently, PPT [105] introduced a
multi-dataset pretraining approach for indoor datasets (S3DIS [120], ScanNet [121], Structured3D [251]). This
pretraining approach has recently been used in PointTransformerV3 [106] to improve segmentation metrics.
Sonata extends this pre-training approach to other indoor datasets. However, this pre-training is currently limited
to photogrammetric datasets (real or synthetic). This approach needs to be extended to TLS acquisitions to
improve the segmentation metrics of TLS point clouds. Therefore, IPCS could be used with other real TLS
acquisitions (e.g. ScanNet++ [39], InLUT3D [134], 3DSES [1]) in order to create a multi-TLS dataset for joint

learning.

Large-scale synthetic indoor dataset The methods presented in Chapter 5 enable the addition of new
objects in 3D scenes by defining constraints. Therefore, existing object datasets can be used (such as Objaverse-
XL [295]) or specific CAD models (such as fire extinguishers, switches, or outlets) can be added to improve the
diversity of IPCS. In Chapter 5, we present 3D scenes and corresponding virtual TLS point clouds containing

radiometric information, i.e. intensity. However, the 3D scenes contain colorized objects, and Blender enables
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(a) Panoramic images from IPCS room (b) Synthetic point cloud of the same room

Figure 6.2: Since IPCS contains point clouds raycast inside Blender scene, it is possible to use Cycles rendering
in Blender. Using Cycles, we can render panoramic images at the scanner’s position to reproduce a traditional
TLS acquisition process.

2D rendering. For instance, Fig. 6.2 presents a panoramic image rendered from Cycles [293] for a specific
virtual TLS position. We can envision a process that generates 2D images from each virtual TLS position of
IPCS and then maps the color information onto the original point clouds. This synthetic color information would
enable deep model to be trained with color information and allow color to be used during fine-tuning tasks
(without requiring random initialization of weights dedicated to color). Furthermore, depending on the results
of the pretraining of deep models on IPCS, it is conceivable to extend the synthetic data generation to other

environments, in particular industrial ones which contains complex objects that are difficult to segment manually.

6.2.2 Long-term perspectives

Designing methods to automatically create the 3D models Of late, 3D model reconstruction methods,
whether deep or not, have been limited to small-scale point clouds [296, 297, 298] or by limited input parame-
ters [25]. The synthetic dataset presented in Chapter 5 can also be used to evaluate these methods. A primary
approach to test reconstruction on 3DSES is Li et al. [299]. Li et al. use deep learning to segment point clouds
and then employ a parameter estimator for primitive reconstruction. They achieve parameter optimization
with the help of a cost function based on distance and IoU. A more advanced approach may rely on deep
learning [297] for identifying and estimating the parameters of objects. These outputs are then used to find the
CAD inside the database. For instance, Fig. 6.3 illustrates the manual placement of a cabinet CAD model on a
point cloud. If this placement can be automated, it could save a lot of time when modeling large-scale point
cloud acquisitions. However, an early alternative could be to propose a list of shapes to human modelers and

have them position which just need to be validated.

107



6.2. PERSPECTIVES

3

<&

(a) XYZ & intensity (b) XYZ & labels (c) CAD model (d) XYZ & labels & CAD

Figure 6.3: The 3DSES and IPCS datasets contain CAD models and TLS point clouds. Therefore, it is possible
to use CAD shapes to reconstruct an entire building from TLS acquisitions. The figure above illustrates the
desired process for a 3DSES cabinet.

As 3DSES disposes of a hidden test set, we can use it to qualify the reconstruction. The primary approach
is to compute the distance between the reconstructed CAD model and the real point clouds. This method can
highlight gaps directly on the point clouds, but cannot express accuracy in regions where points are missing [300].
Another approach is to use the Metro algorithm [209] to compute the distance between the reconstructed CAD
model and our CAD model. Moreover, the approach detailed in Marchand et al. [300] is also practicable. This
method uses real scanner positions to raycast points on a mesh and compares the distance between the closest
intersection point and the real 3D point. Then, metrics defined by Marchand et al. can be used to determine the

quality of the reconstruction using 3DSES as an benchmark for CAD indoor reconstruction.

Weakly supervised The methods detailed in the related work [143, 145] show promising results with fewer
labels. Employing these methods could be an interesting area of research, particularly if they are linked with
pseudo-labels from Chapter 4. The weakly supervised approach may provide solutions to some of the annotation
difficulties of pseudo-annotation methods. While the reduction of label numbers attracts some attention in
weakly supervised learning, the interesting axis of research for us is learning with noisy labels [301]. This type

of learning could allow us to bypass some annotation errors due to CAD models.

Uncertainty qualification As land surveyors produce data with high accuracy, and have a lot of control
during their processes, they require certainty in deep segmentation. However, it is well known that deep networks
can be overconfident in their predictions [302, 303, 304], which can be detrimental for applications such as
autonomous driving [305] and healthcare [306]. In 3D point clouds, a mislabeling is not as critical as in the
previously mentioned applications, but can contribute to errors in 2D plans or 3D models and impact the

renovation or construction of buildings. Therefore, it would be interesting to explore whether deep models
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could predict high certainty for accurate labels and low certainty for mislabeled data [307]. This uncertainty
could help to identify regions where deep models are uncertain about their predictions, and ultimately leave the
final decision to humans in these regions. The uncertainty notion may be an interesting tool if linked with 3D
reconstruction methods. We can envision an automatic reconstruction in regions where the models are certain,
and rely on human modeling in regions with high uncertainty. In 3D point clouds, Bayesian models are used
to estimate uncertainty in a bridge TLS dataset [308] or on factory elements [309]. Furthermore, uncertainty
techniques are often employed to improve segmentation accuracy [310, ]. Of late, Kong et al. [307] proposed
a survey on uncertainty in 3D scenes and showed that most actual deep methods fail to predict uncertainty.
Further work is needed to tag the XYZ coordinates of each point with a semantic label and a clear, precise

certainty measure.
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Additional details on segmentation metrics

In this appendix, we briefly present the segmentation metrics used in this manuscript, specifically the Overall
Accuracy (OA), the Average Accuracy (AA), and the mean Intersection over Union (mloU). These metrics are
classically used in the field of semantic segmentation tasks [23, , 39]. To define these metrics, we use the

confusion matrix (Table A.1) and the relations below:

» TP (True Positive): the number of points correctly classified as belonging to the class of interest

TN (True Negative): the number of points correctly classified as belonging to another class of interest

F P (False Positive): the number of points incorrectly classified as belonging to the class of interest

» F'N (False Negative): the number of points incorrectly classified as belonging to another class of interest

Ground Truth Predicted: Class 1 Predicted: Class 2 Predicted: Class 3

Class 1 True Positive (TP)  False Positive (FP)  False Positive (FP)
Class 2 False Negative (FN) True Positive (TP)  False Positive (FP)
Class 3 False Negative (FN) False Negative (FN) True Positive (TP)

Table A.1: Example of a confusion matrix for multi-class segmentation.

The Overall Accuracy (OA) measures the proportion of correctly classified points to the total number of

points:
_ Number of correctly segmented points TP + TN

OA = - = (A.1)
Total number of points TP + TN + FP + FN
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In the case of an balanced dataset, this metric can stand as a good indicator of the semantic segmentation
performance. However, in cases of class imbalances, which are common in point clouds applications, this metric

emphasizes the majority class (e.g., “Covering”, “Slab”, “Wall”).
The Average Accuracy (AA) represents the average accuracy across all semantic classes:

C TP.+TN;

Z‘; FP,+FN; (A-2)

where C is the number of classes and TF;, TN;, FP,, and FN; are the True Positives, True Negatives, False
Positives and False Negatives for class i. Contrary to OA, AA takes into account class imbalance and enables

treating all classes equally.

The Intersection over Union, also known as the Jaccard index, is a more representative metric since it
measures the overlap between the predicted mask and the ground truth mask. Due to this property, this metric is

particularly adapted to evaluate segmentation tasks. For class i, the IoU is defined as:

TP
IoUj=—— (A.3)
TP+ FP+FN;

where T P;, F P, and F'N; are the True Positives, False Positives and False Negatives for class i.

The mean Intersection over Union (mloU), commonly used in point cloud semantic segmentation [ 120, 37,

, ], represents the average IoU of all classes and can help mitigate class imbalances.

fol li i (A4)
miovu = — e .
C = TP,+FP+FN,

where C is the number of classes and TP, F P, and F N; are the True Positives, False Positives and False Negatives

for class i.
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Additional results on handcrafted
features

In this appendix, we present additional results and explanations regarding the experiments conducted with

PointNeXt-S [100] and handcrafted features in Chapter 3.

Table B.1: Standard deviation for PointNeXt-S on 3DSES-Gold * with several handcrafted features. Results
from PointNeXt-S are the results of three runs. Mean intersection over union (mloU), overall accuracy (OA),
average accuracy (AA).

RGB LPS.V OASeSV‘ OA AA mloU | c OA o6 AA omloU

|

SESESIB<E<E<IE<E<N<]

83.14 3475 29.13
81.67 37.46 3091 | 0.83 1.36 0.91
81.73 36.29 30.37

84.53 3591 30.51
87.58 37.98 3346 | 170 1.51 .77
87.37 38.84 33.69

88.15 36.65 32.62
85.46 3690 31.90 | 2.18 1.46 1.84
83.84 3425 29.13

RER XXX
XXX XXX

XXX
NN
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Table B.2: Standard deviation for PointNeXt-S on 3DSES-Silver ? with several handcrafted features. Results
Jrom PointNeXt-S are the results of three runs. Mean intersection over union (mloU), overall accuracy (OA),
average accuracy (AA).

RGB LPS.V OAS:S, | OA AA mloU | GOA GAA omloU
X X 93.63 65.90 60.26
X X 93.49 63.62 5877 | 220 276 3.83
X X 89.76 60.40 53.00
X 93.61 64.12 59.29
X 94.19 65.68 61.31 | 029 1.04 1.26
X 93.87 66.10 61.60
X 93.18 62.05 57.29
X 9258 62.64 57.08 | 039 0.77 1.19
X 9244 61.12 55.13

Table B.3: Standard deviation for PointNeXt-S on 3DSES-Bronze ¥ with several handcrafted features. Results
Jfrom PointNeXt-S are the results of three runs. Mean intersection over union (mloU), overall accuracy (OA),
average accuracy (AA).

RGB LPS.V OASS,| OA AA mloU| cOA GAA omloU
X X 94.57 66.47 61.79
X X 9448 69.92 63.81 | 0.11  1.78 1.15
X X 9436 67.42 61.83
X 9338 69.38 63.58
X 9421 7185 6570 | 052  1.96 1.48
X 9434 7324 66.43
X 93.18 62.05 57.29
X 9258 62.64 57.08 | 042 385 3.60
X 92.44 61.12 55.13
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Additional details about 3DSES

In this appendix, we present additional results and explanations regarding the indoor dataset created during

this thesis and presented in Chapter 4: 3DSES.

C.1 Dataset structure

All the information presented in this section is reproduced in the “README?” file of the 3DSES dataset
archive. The dataset is hosted on Zenodo for public release under the Creative Commons CC BY-SA 4.0 license.
It is currently available through an open-access repository: https://zenodo.org/records/13323342. The

zip archive contains three folders, one for each variant:

* ’Gold/’: contains Gold point clouds,
* ’Silver/’: contains Silver point clouds,

* *Bronze/’: contains all raw point clouds' for the Bronze version.

We provide our three variants of 3DSES: Gold, Silver and Bronze. We use the NumPy [312] . npy format to store
the point clouds. Point clouds are organized per scan, identified by SXXX, where XXX is a three-digits integer.
Three test point clouds are available with private labels: scans S170, S171 and S180. These labels for theses point
clouds are kept hidden for use as evaluation on a competition: https://www.codabench.org/competitions/6927/.

Point clouds can be opened with NumPy using Python, e.g. with numpy . load.

!Directly exported from Register360.
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C.2. CLASSIFICATION AND LABEL SIGNIFICATION

Table C.1: Column signification in the point clouds files.

Index Feature Description
0 x Point coordinates (xyz)
1 y in an orthonormal basis
2 z with z the height.
3 r .
4 Color in RGB format
8 encoded as uint8 [0,255]
5 b
6 Intensity Lidar intensity encoded as float32 [0, 1]
7 Real label Manually annotated class in [0,77]
8 Pseudo label ~ Automatically annotated class in [0,7"]

t n =17 for Gold and n = 11 for Silver/Bronze.

For Gold and Silver versions, the .npy files contain 9 columns, where each row describe one point in the

scan. Column signification is detailed in Table C.1.

Labels, for Gold version, are in the range of [0, 17]. For the Silver versions, labels are in the range [0, 11]

instead since the classification uses only 12 classes.

Since the Bronze variant of 3DSES only contains pseudo-labels, column #7 contains instead the pseudo label

for these scans, and column #8 is dropped.

Preprocessing We provide unnormalized color information, i.e. RGB values are comprised in [0 — 255].
Regarding the (xyz) coordinates, we apply a translation from the initial georeferenced point cloud to obtained

centered and smaller coordinates that are more convenient for use in deep models.

CAD model The CAD model is currently distributed as an .obj file and will be made available in an
open format supporting the IFC standard for public release. This CAD model, can be visualize with a 3D data

processing software (such as CloudCompare [4])

C.2 C(lassification and label signification

Taxonomy 3DSES uses a BIM-oriented class taxonomy, that focuses on modeling both the structure of a
building and its functional equipment. Classes composed of structural elements (e.g. covering, slab, clutter) are

the easiest to understand, since they are the technical terms for the common parts of a building: walls, floors,
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C.2. CLASSIFICATION AND LABEL SIGNIFICATION

Table C.2: Class definitions for the 3DSES dataset.

Index Class name Definition

0 Column vertical structural element that supports weight, typically made of concrete, or metal.

1 Components  building equipment excluding furniture (e.g. trash bin, hotspot wifi, electronics, etc.)

2 Covering upper interior element of a room (e.g. suspended ceiling)

3 Damper smoke detectors

4 Door moving building element that provides access for people to pass through

5 Exit sign building element that indicates emergency exit, typically with green lighting

6 Fire terminal  building equipment for fire safety, that provides fluid to suppress fire or that triggers
audible alarms

7 Furniture Common furnishings such as chairs, tables, etc.

8 Heater building element that provides heat, includes the pipes

9 Lamp building element that provides artificial light

10 Outlet utility element that provides access to electrical power

11 Railing frame assembly adjacent to some boundaries or human circulations (e.g. stairs)

12 Slab structural element providing the lower support (often made in concrete)

13 Stair structural element that allows moving between floors

14 Switch utility element that controls the flow of electricity, typically to a lamp

15 Wall vertical structural element, often made of stone or concrete, that divides or encloses
a space

16 Window building element that provides natural light and/or fresh air

17 Clutter all elements that are unrelated to the building structure and equipment, e.g. clothes,

plants, small office supplies, persons, etc.

ceilings, etc. However, 3DSES also includes domain-specific classes that regroup many different types of objects.
We have grouped such utilities by domain according to their purpose, e.g. fire suppression, heating, electrical

systems, lighting, etc.. We detail in Table C.2 the definition of every class in the dataset.

Simplification for the Silver and Bronze variants The 3DSES Silver variant uses a less detailed clas-
sification than 3DSESGold. In particular, it focuses more on structural elements. To obtain this simplified

classification, we followed three principles:

1. remove all small individual objects,
2. remove all objects that do not have a well defined 3D CAD model,

3. remove all objects that are not widely represented in the point clouds.
This resulted in the following simplifications applied the classification:
» we merge all objects from classes “Outlet” and “Switch” into the class “Wall”,

* objects from the “Damper” class are either merged into “Covering” or the “Clutter” class, depending on
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C.3. ADDITIONAL DETAILS ON THE PSEUDO-LABELING ALIGNMENT ALGORITHM

Table C.3: Simplified class definitions for the 3DSES dataset.

Index Class name Definition

0 Column vertical structural element that supports weight, typically made of concrete, or metal.

1 Covering upper interior element of a room (e.g. suspended ceiling)

2 Door moving building element that provides access for people to pass through

3 Exit sign building element that indicates emergency exit, typically with green lighting

4 Heater building element that provides heat, includes the pipes

5 Lamp building element that provides artificial light

6 Railing frame assembly adjacent to some boundaries or human circulations (e.g. stairs)

7 Slab structural element providing the lower support (often made in concrete)

8 Stair structural element that allows moving between floors

9 Wall vertical structural element, often made of stone or concrete, that divides or encloses a
space

10 Window building element that provides natural light and/or fresh air

11 Clutter all elements that are unrelated to the building structure and equipment, e.g. clothes,

plants, small office supplies, persons, etc.

their distance to the closest points from these classes (smoke detectors are usually mounted to the ceiling),
* objects from the “Fire terminal” class are either merged into “Wall” or the “Clutter” class, depending on
their distance to the closest points from these classes (fire alarms are wall-mounted, extinguishers tend to
stuck out),
* non-structural elements, i.e. objects from the “Component” and “Furniture” classes, are reclassified as

“Clutter”.

Note that the only exception to the general simplification principles is the “Exit sign” class, since this class
always represent the same object and is therefore accurately modeled in the CAD model, and is present in most
scans due to safety regulations. For these reasons, we chose to keep the “Exit sign” class in the simplified

classification of the Silver variant. The final Silver/Bronze classification is summarized in Table C.3.

C.3 Additional details on the pseudo-labeling alignment algorithm

As stated in Chapter 4, the pseudo-labels are generated using an alignment algorithm based on cloud-to-mesh
distance computation. This distance uses the Metro algorithm [209], as implemented in CloudCompare [4]. We

give below some additional insights on this algorithm, its requirements and its accuracy.
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Computation Time (s) - Gold ¥ Version

Column | 7.65 = Classes
Components []32.41
Covering | 7.4
Damper []55.39
Door [ 18.12
Exitsign [ ]178.18
FireTerminal [ ] 91.36
Furniture | | 1,871.41
Heater [ ] 132.85
Lamp [] 23.52
Outlet [] 24.21
Railing [] 30.74

Slab | 1.36
Stair | 7.77
Switch [ 14
Wall [7.31

Window [] 20.27
0 200 400 600 800 1,000 1,200 1,400 1,600 1,800

Time in seconds

Figure C.1: Computation time in seconds for each classes of Gold version

C.3.1 Computational requirements

Operations on 3D point clouds tend to be computationally demanding, especially when density increases. To
be useful, the pseudo-labeling strategy should be cost effective, with less dependency on human annotators, but
also time effective. In practice, the bottleneck for pseudo-labeling based on the 3D model is the creation of the
3D model. Indeed, we present in Histogram C.1 the processing times required to label the point clouds on the
Gold version of 3DSES. All computations have been run on a consumer Intel(R) Xeon(R) CPU E5-2643 v4 @
3.40 GHz.

As can be expected, processing times to align the mesh to the point cloud vary depending on the complexity
of the 3D shapes of the objects, and the size of the 3D point clouds. For example, pseudo-labeling of slab
is significantly faster than on furniture. With 1871.41 s for “Furniture” against only 1.36s for “Slab”. It’s
~1376 times longer for our alignment methods to create “Furniture” pseudo-labels. In Histogram C.1, we
observed that all complex object shapes, such as “Exit sign”, “Fire Terminal”, “Furniture” and “Heater” have

computation time > 90s (largely superior as other classes). Overall, it takes approximately 42 minutes to
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pseudo-label one scan. The complete process therefore takes about 7 hours to annotate all point clouds for
the Gold version with 18 classes. Since the Silver and Bronze variants of 3DSES contain fewer classes, the
processing time for the alignment algorithm is significantly lower. This is due in part to the absence of the
“Furniture” in those datasets. In practice, Silver can be pseudo-labeled in less than 4 hours and half (= 9 minutes
per scan) and Bronze is pseudo-labeled in around 9 hours (= 13 minutes per scan). The additional time required

for Bronze version can be explained by the higher number of points in each scan compared to the Silver version.

C.3.2 Evaluation of the pseudo-labels

Column 973 0 [02] 00000 0o 0o/ofolo0l0o 025 0]0] []

Components | 0 84.9 0 |00/ 0 02/ 0 0 0 0 15 0 0 03 0114 F 19

Covering| 0 | 00967 0|0 /00|00 01 0[0|0 1 013 0 09
Damper | 0 | 0 125875 0 ' 0 0 0 0 0,0 0 0 0 0 0 0 o [ |80

Door| 00 0/ 09550 0 0 0/0|0 0[03 0/0/330603
Exitsign| 0 0 0 0 09130 0 0 0 0 0 0 0 0870 0|/ |

FireTerminal | 0 | 0 | 0 0 0 | 093.6 0001 0|0 0|0/|0|17 047
=  Fumiture[ 0 02 0 0 0 0 0860 0 0 0090 0 12 0 122 |
5 Heater| 0 0 0 00 0 0309690 0 0 0 0 0260 02 | |

5 Lamp| 0 016901 0/ 0 0 0 06910 0 0 0|0 21 018
O Outlet| 0 0O 0 0 00 0 0 0 04160 0 0 05830 0| | |4

Railing| 0 |0 000/ 00 0/ 0 0 06060328 0 09 0353
Slab| 0 0/ 0| 0/02 0 001 0 0 0 097118 0 0303 0.1] [ 130

Stair| 0| 0/ 0|0/ 0/0|0/0 0 000104974 0 12 0 09
Switch| 0| 0| 00|00/ 0 0 0[0|0 0 00498520 0| [ |20

Wall [0.2] 0 /03] 0 104/ 0| 0/0101 0/ 0/|003 0| 09780302
Window| 0 003 0 55 0,0 0 0 0 0 007 0 022670405 | |9
Clutter |[0.1/0.8/ 0 | 0 [ 0| 0 024102/ 0 00 7 0 03505637 .

E 2 ¥ 5 5 5 3 8 5 E 3B ®SES S E B

g O <
S i3
Predicted

Figure C.2: Confusion matrix for Gold Version bt

In addition to the main metrics provided in the Chapter 4, we detail below the full confusion matrices
between the pseudo-labels and the manually annotated ground truth for the Gold (Fig. C.2) and Silver (Fig. C.3)

variants. Note that these two matrices are normalized by line.

We observe in the confusion matrix that these points are classified as “Wall”. Indeed, the alignment
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algorithms merge these small objects into the wall. Reducing the threshold for classifying points as “Wall” could
alleviate this problem, but would in return generate more false positive “Clutter” points. Note also the relatively
low score (60.6 %) for “Railing”, which can be explained by the mismatch between the 3D railings and the actual
physical railings at ESGT. The same observation holds partially for “Window”, as the windows are modeled

with a standard frame that does not perfectly match the actual windows.

Column |81.5/59, 0 | 0 | 0 0| 0| 0| 0|39 088
L 190

Covering| 0 988 0 | 0 0 (01 O 0 03 06 0 03
Door| 0 | 0 [958 0 0 0| 0 02 0 23 13 04/ |80
Exitsign| 0 | 0 | 0 1909/ 0 | 0| 0| 0 0| 9|0 01| 470
Heater| 0 0 0 0 (96 0 0 0 0 2302 15| |

=

& Lamp| 0 129 0 0 0 762 0 0 0 06 0 102
g - 150

S Railing| 0/ 0 00 0 0 60.6/03 28|09 0 [353
© 140

Slab| 0 ' 0 02/ 0| 0| 0| 0 988 06|0.1 0102
Stair| 0 | 0 | 0 0| 0| 00104974/ 12| 0 |09]| [ {30
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Figure C.3: Confusion matrix for Silver Version
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Table C.4: Standard deviation for segmentation metrics obtained with intensity & features on the 3DSES test set.
Results from PointNeXt-S are the results of 3 runs. Mean intersection over union (mloU), overall accuracy (OA),
average accuracy (AA).

RGB I LPS.V OAS.S,| OA AA mloU | ©OA cAA  omloU
X X X 82.18 36.17 30.14 0.83 1.36 0.91
’@ X X 90.66 49.09 43.65 0.80 0.15 0.31
3 X 89.88 47.86 41.99 0.48 0.80 0.64
X 89.69 47.85 4232 0.40 0.65 0.77
. X X X 92.29 63.30 57.34 2.20 2.76 3.83
» X X 93.30 69.74 63.44 0.83 0.61 0.85
.;i) X 93.90 68.73 63.44 0.53 3.25 3.35
X 93.47 69.42 63.72 0.67 0.94 0.71
- X X X 94.47 67.94 62.48 0.11 1.78 1.15
9 X X 93.76 74.55 66.89 0.57 1.76 1.89
g X 94.87 75.22 68.21 0.20 0.53 0.62
a X 94.13 75.75 67.91 0.73 1.21 1.60
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Résumé long en francais

Segmentation de petits objets dans les nuages de points 3D

D.1 Introduction

Cette these vise a améliorer la segmentation sémantique des petits objets dans les nuages de points 3D.
Ces nuages de points sont couramment utilisés pour représenter des espaces intérieurs, tels que des batiments
ou des maisons, et produire des maquettes numériques (cf. Fig. D.1) ou des plans. Au cours des dernieres
années, les technologies d’acquisition 3D se sont considérablement améliorées, ce qui a rendu les scanners lasers

plus accessibles aux utilisateurs et abordables. Les scanners lasers sont maintenant couramment utilisés dans

Figure D.1: Dans cette theése, nous abordons la segmentation des petits objets dans les nuages de points 3D
pour la création de maquettes numériques. Les méthodes existantes n’exploitent pas entierement les possibilités
offertes par les modeles 3D pré-existants.
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divers domaines, tels que la construction, I’industrie et I’urbanisme. Malgré ces avancées, le traitement des
données 3D reste un défi, notamment pour I’identification et la segmentation des petits objets. Cette thése est
une CIFRE réalisée avec QUARTA, société de géometres-experts. Elle s’appuie sur I’exploitation de données 3D
anciennes et volumineuses. Elle s’inscrit dans un contexte marqué par 1’essor rapide de I’intelligence artificielle
et de I’apprentissage automatique. Face aux limites des méthodes traditionnelles (comme RANSAC [25] ou
Hough [26]) pour la segmentation des nuages de points, cette thése explore le potentiel de I’apprentissage
profond pour détecter des objets dans les nuages de points. La segmentation sémantique, qui consiste a attribuer
une classe (par exemple, "prise électrique” ou "chaise") a chaque point du nuage, permettrait d’améliorer la
modélisation des petits objets, de faciliter la visualisation des données et d’optimiser 1’espace de stockage.
Cependant, cette tiche reste complexe en raison des occlusions et artefacts fréquents dans les nuages de points,
ainsi que du manque de jeux de données annotés, essentiels pour 1’apprentissage supervisé. Pour répondre a ces
problématiques, cette these propose des approches innovantes pour améliorer la précision de la segmentation

sémantique.

Axes de recherche

Cette these est organisée autour de trois axes de recherche principaux :

1. Caractéristiques géométriques et radiométriques : Les caractéristiques additionelles a la géométrie de
TLS peuvent-elles améliorer la segmentation sémantique des petits objets (telles que des caractéristiques
expertes et radiométriques) ?

2. Temps nécessaire pour étiqueter les petites instances : Les données de topographie peuvent-elles étre
exploitées pour segmenter les petits objets ?

3. Pénurie de données 3D étiquetées : Des données 3D synthétiques avec des petits objets peuvent-elles

étre générées pour pré-entrainer des modeles d’apprentissage profond ?

Chapitre 2 : Etat de I’art : Ce chapitre présente les différentes approches décrites dans la littérature
scientifique pour appliquer 1’apprentissage profond aux nuages de points. Il met également en lumiere la
prédominance des méthodes d’apprentissage supervisé, ainsi que les difficultés liées a I’annotation des données

3D.

Chapitre 3 : Amélioration de la segmentation avec des caractéristiques additionelles : Ce chapitre
explore les possibilités d’intégrer des caractéristiques géométriques et radiométriques dans les architectures

profondes pour améliorer la précision de la segmentation de nuages de points par apprentissage profond.
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Chapitre 4 : Un jeu de données de segmentation de nuages de points intérieurs réaliste : Dans ce
chapitre, nous proposons une méthode pour valoriser les données volumineuses disponibles dans le monde
industriel. Ce chapitre présente une approche innovante qui utilise des données de topographie pour réduire le
temps d’annotation des nuages de points 3D. Nous mettons a la disposition de la communuté un nouveau jeu de

données de nuages de points d’intérieur de batiments.

Chapitre 5 : Scenes synthétiques 3D pour la segmentation de petits objets : Dans ce chapitre, nous
abordons le manque de données 3D annotées. Ce chapitre présente une approche qui permet la génération de
nuages de points synthétiques d’intérieurs de batiments avec des petits objets pour pré-entrainer des modeles

d’apprentissage profond.

Chapitre 6 : Conclusion : Résumé des contributions de la theése et présentation des perspectives.

D.2 Etat de’art

Nos contributions s’ appuient sur diverses parties de la littérature détaillées dans ce chapitre, et notamment sur
trois éléments clés : la faible utilisation de I’intensité LiDAR, la forte dépendance des méthodes de segmentation

profonde a I’apprentissage supervisé et le faible nombre de jeux de nuages de points annotés.

Balayage laser terrestre : Les mesures TLS (Terrestrial Laser Scanner) reposent sur I’émission et la
réception de rayons laser. Lors des acquisitions, 1’intensité du signal est souvent enregistrée, accompagnée des
coordonnées 3D. L’intensité correspond au ratio entre la puissance lumineuse regue et la puissance émise par le
scanner laser. Pour pouvoir étre utilisable, cette grandeur doit étre corrigée des parametres d’acquisition (capteur,
distance a I’objet, atmosphere, ...). Plusieurs méthodes d’étalonnage existent dans la littérature, basées soit sur
des données empiriques, soit sur des modeles mathématiques. Cependant, aucune méthode n’a fait consensus
chez les constructeurs, raison pour laquelle les valeurs d’intensité mesurées different selon les scanners lasers

utilisés.

Apprentissage supervisé : Nous présentons dans un second temps, un état de 1’art des approches et méthodes
permettant d’appliquer I’apprentissage profond pour la segmentation sémantique de nuages de points, depuis
les méthodes utilisant des images (MVCNN [74]), a celles utilisant des grilles régulieres (VoxNet [82]) ou plus
récemment, celles opérant directement sur le nuage de points (PointNet [67]). Nous présentons également les
différentes avancées des architectures en pointe de 1’état de 1’art, comme PointNeXt [100], Swin3D [186]....

Ces méthodes relevent de 1’apprentissage supervisé et nécessitent donc des données annotées.
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(b) Vue de haut d’un nuage de points issu de ScanNet,
(a) Vue de haut de I’aire 5 de S3DIS, colorisée par classe. colorisé par classe.

Figure D.2: Vue de dessus des nuages de points 3D provenant de deux jeux de données couramment utilisés
pour la segmentation de nuages de points intérieurs : S3DIS (Fig. D.2a) et ScanNet (Fig. D.2b). Dans ces deux
jeux de données, la classification ne représente pas avec précision la diversité des objets dans le monde réel,
et certains objets sont regroupés en structures plus grandes (par exemple, les interrupteurs sont inclus dans les
murs).

Un faible nombre de jeux de données annotés : La segmentation de nuages de points intérieurs patit
du manque de données annotées. Les jeux de données existants (cf. Fig. D.2) ont des limitations quant aux
classes disponibles (par exemple ScanNet [121]) et a la surface couverte (par exemple S3DIS [120]). Cependant,
I’étiquetage des nuages de points est un travail laborieux, réservé a des utilisateurs expérimentés, qui nécessite
plusieurs dizaines d’heures (par exemple, 500 heures pour ScanNet). De ce fait, les jeux de données 3D ne
refletent pas la répartition réelle des objets. Les plus petits d’entre-eux sont regroupés dans des objets plus
imposants (comme les interrupteurs dans les murs). Dans cette partie, nous avons étudié les solutions alternatives
aux données annotées manuellement, comme les données synthétiques et 1I’apprentissage auto-supervisé, et

montré les limites de ces méthodes.

D.3 Amélioration de la segmentation avec des caractéristiques additionelles

Dans ce chapitre, nous avons cherché a évaluer I’apport des caractéristiques géométriques (cf. Fig. D.3) sur
la segmentation sémantique de nuages de points 3D dans différents modeles profonds. Nous avons démontré
que méme a I’ére du deep learning 3D, les caractéristiques congues a la main permettent encore d’améliorer les
performances de la segmentation sémantique, en particulier pour les petits modeles et les petits jeux de données.

Ces résultats prometteurs indiquent la possibilité de tirer profit des anciens nuages de points 3D de géométres
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(a) Points avec ’intensité LiDAR (b) Points filtrés en fonction de la courbure locale

Figure D.3: Les caractéristiques manuelles peuvent aider a identifier les points intéressants, tels que ceux situés
dans les coins. Propres a I’acquisition LiDAR, d’autres caractéristiques peuvent €tre disponibles telles que
I’intensité. Exemple provenant de 3DSES [1].

qui ne contiennent que les coordonnées XYZ et I’intensité. De plus, les résultats présentés dans ce chapitre
suggerent que les caractéristiques peuvent étre plus utiles pour les architectures profondes de petites tailles.
Cependant, le role des caractéristiques congues a la main sur les petits objets est ambigu et nécessite d’autres

expériences.

Nous avons également introduit la méthode dite "DropFeatures” pour régulariser les modeles profonds
et les rendre robustes face aux caractéristiques manquantes en les réinitialisant aléatoirement a zéro pendant
I’entralnement. En pratique, cette stratégie nous permet d’obtenir des modeles qui surpassent les modeles de
référence lors de 1’évaluation avec des caractéristiques, tout en maintenant une segmentation de performance

égale sans ces caractéristiques.

Concernant la caractéristique radiométrique, a savoir I’intensité, nous avons testé plusieurs TLS dans la salle
de métrologie de I’ESGT. Ces tests ont montré les difficultés de 1’étalonnage de cette grandeur étant donné sa
grande sensibilité aux conditions expérimentales de lever lasergrammétrique (nature de la surface sur laquelle

s’effectue la réflexion, angle d’incidence du rayon laser, distance a 1’objet levé).

D.4 Un jeu de données de segmentation de nuages de points intérieurs réaliste

Dans ce chapitre, nous présentons 3DSES (3D Segmentation of ESGT point clouds), un nouveau jeu de
données pour la segmentation sémantique de nuages de points 3D intérieurs denses acquis par LiDAR. 3DSES

(cf. Fig. D.4) répond au besoin de jeux de données intérieurs TLS congus pour 1’étude et la modélisation de

151



D.4. UN JEU DE DONNEES DE SEGMENTATION DE NUAGES DE POINTS INTERIEURS
REALISTE

i

(d) Gold - Etiquettes manuelles (e) Gold - Pseudo étiquettes (f) Silver - Pseudo étiquettes

Figure D.4: Modalités et variants d’annotation de 3DSES. Les étiquettes de Gold sont des annotations manuelles
sur 18 classes, y compris les petits objets tels que les interrupteurs électriques et les prises de courant. Les
pseudo-étiquettes sont obtenues en alignant automatiquement le modele 3D sur le nuage de points, introduisant
un peu de bruit dans 1’annotation (voir par exemple le dessus des chaises). Les étiquettes de Silver utilisent une
classification simplifiée avec uniquement 12 catégories (par exemple, la poubelle est maintenant simplement
"Clutter"). Légende : Poteaux en violet foncé, Composants en vert foncé, Plafonds en vert clair, Portes en vert,
Signe d’urgence en , Terminaux d’incendie en bleu foncé, Chauffage en violet clair, Lampes en ,
Sol en jaune, Mur en , Fenétre en , Clutter en rouge.

batiments. 11 contient une combinaison unique d’étiquettes de nuages de points pour la segmentation sémantique,
un modele 3D géoréférencé avec des objets orientés BIM. De plus, les nuages de points contiennent 1’intensité

LiDAR, caractéristique radiométrique non fournie dans les jeux de données existants.

Nous montrons que I’utilisation de modeles 3D CAD pour annoter automatiquement les nuages de points est
une stratégie efficace pour produire rapidement des pseudo-étiquettes avec une précision de 95% par rapport a
une référence basée sur des données annotées manuellement. De plus, nous démontrons que 1’entrainement sur
des pseudo-étiquettes fournit des performances similaires a celles d’un entrainement sur des étiquettes manuelles

dans 3DSES.

Nous montrons également que la précision de la segmentation peut bénéficier de I'intensité LiDAR dans
des environnements intérieurs, malgré qu’elle soit souvent ignorée dans les travaux précédents. Les résultats de
segmentation démontrent que 3DSES est un jeu de données difficile, en particulier pour les classes orientées

BIM, par exemple des composants de petits batiments tels que les terminaux électriques et les systemes de
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sécurité. Dans ce chapitre, nous montrons également que nos méthodes peuvent efficacement mettre en valeur
les "données gelées" provenant d’entreprises de géometres et contribuer a créer des jeux de données avec des

petits objets.

D.5 Scenes synthétiques 3D pour la segmentation de petits objets

Dans ce chapitre, nous avons mis en évidence qu’aucun travail existant ne combine la génération d’environnements
3D et I’acquisition virtuelle TLS dans des environnements intérieurs. Nous avons ensuite examiné les méthodes
pour générer des environnements 3D intérieurs et simuler des levés par TLS. Nous avons proposé une méthode
pour générer des nuages de points TLS denses avec des petits objets (comme des livres, des fourchettes, des
lampes ou des cuilleres). Dans un premier temps, notre méthode s’appuie sur un générateur procédural intérieur
pour créer des scénes de hautes qualités contenant divers objets courants. Ensuite, conformément aux pratiques
des géometres, nous avons déplacé un TLS virtuel dans chaque pieéce pour produire des nuages de points. Comme
lors d’une acquisition réelle, nous portons une attention particuliere au scan inter-pieces en réalisant un balayage

laser sous chaque porte.

(a) Scene Blender générée par Infini- (b) Nuage de points avec I’intensitée (c) Nuage de points avec des étiquettes
gen [221]. simulée (BLAINDER [212]). sémantiques (BLAINDER [212]).

Figure D.5: Modalités de IPCS (Indoor Point Cloud Synthetic dataset). Les scenes Blender sont générées a
I’aide d’Infinigen [221]. Ensuite, un systeme virtuel TLS [212] se déplace a I’intérieur de chaque environnement
intérieur pour produire des nuages de points synthétiques avec intensité. Cette méthode permet d’attribuer des
noms d’objet a chacun des points. Ces objets sont ensuite regroupés dans différentes classes sémantiques.

Notre approche a permis de générer le plus grand jeu de données synthétique intérieur disponible (cf. Fig. D.5),
couvrant plus de 64 milliards de points et une superficie supérieure a celle de la plupart des jeux de données
intérieurs réels : 103 717 m?. De plus, cette approche permet d’ obtenir des nuages de points avec une information

d’intensité, des étiquettes sémantiques et des étiquettes d’instances.
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D.6 Conclusion et perspectives

Ce chapitre résume nos contributions a I’amélioration de la segmentation sémantique de petits objets dans
les nuages de points, avant d’envisager des perspectives de recherche. Dans cette thése, nous proposons des
approches pour améliorer la segmentation de petits objets dans les nuages de points par apprentissage profond,

tout en valorisant des données existantes disponibles dans le monde industriel aujourd’hui sous exploitées.

Chapitre 3 : Amélioration de la segmentation avec des caractéristiques additionnelles : Dans ce chapitre,
nous montrons que les récents modeles profonds, en particulier les architectures les plus petites, bénéficient
des caractéristiques expertes. Cependant, puisque les caractéristiques congues a la main ne sont pas toujours
disponibles au moment du test, nous introduisons une stratégie "DropFeatures" qui réinitialise aléatoirement les
caractéristiques pendant I’entrainement. Cette stratégie a été concue pour rendre les modeles plus robustes a
I’absence de caractéristiques. Nos résultats démontrent que la stratégie "DropFeatures” rend non seulement le

modele plus robuste, mais améliore également sa performance de segmentation.

Chapitre 4 : Un jeu de données de segmentation de nuages de points intérieurs réaliste : Ce chapitre
présente une approche innovante qui utilise des données topographiques pour réduire le temps d’annotation des
nuages de points 3D. Nous présentons un nouveau jeu de données de segmentation sémantique de nuages de

points d’intérieurs de batiments, mis a la disposition de la communauté scientifique.

Chapitre 5 : Scenes synthétiques 3D pour la segmentation de petits objets : Nous proposons une méthode
qui génere d’abord des scenes intérieures contenant des petits objets (comme des fourchettes, des cuilleres, etc.),
pour une surface supérieure a4 103 000 m*. Nous utilisons ensuite un simulateur TLS virtuel pour générer des
nuages de points intérieurs denses avec intensité. Grace au simulateur TLS virtuel, nous pouvons obtenir des

étiquettes sémantiques ainsi que des étiquettes d’instance pour plus de 64 milliards de points.

Les travaux menés dans cette thése ouvrent sur des perspectives a court terme et des perspectives a plus long

terme:

* Perspectives a court terme

— Caractéristiques manuelles : les acquisitions dans le monde industriel sont souvent réalisées sans
couleurs. Des expériences supplémentaires sont nécessaires pour valider I’apport des caractéristiques
géométriques notamment lorsque I'information colorimétrique est absente

— Information radiométrique : des résultats prometteurs avec 1’intensité ont été obtenus, mais des
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expériences supplémentaires sont nécessaires pour étalonner cette grandeur notamment dans le cas
d’acquisitions avec des capteurs différents

— 3DSES: segmentation d’instance : il est possible d’étendre la méthode de transfert d’étiquettes
(présentée dans le chapitre 4) pour produire des étiquettes de segmentation d’instances (en se basant
sur I’identifiant d’objet dans le modele 3D).

— Tres grands jeux de données annotés : les nuages de points synthétiques du Chapitre 5 peuvent
étre colorisés a I’aide d’image issue de Blender pour créer un jeu de données de nuage de points

colorisé.
* Perspectives a long terme

— Conception de méthodes pour créer automatiquement des modeles 3D : I’apport de I’apprentissage
profond ou de méthodes traditionnelles pour la reconstruction d’objets et I’estimation de parametres
(position et orientation) sera a étudier.

— Apprentissage faiblement supervisé : les approches d’apprentissage semi-supervisé pourraient
fournir des solutions aux difficultés de pseudo-annotation du Chapitre 4

— Qualification de I’incertitude : des recherches sur la qualification d’incertitude seraient bienvenues

pour qualifier les prédictions des modeles, surtout dans le monde des géometres.
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