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Kurzfassung

Punktwolken sind zwar leicht zu erzeugen, jedoch oft verrauscht, unvollständig und
ohne Konnektivität. Sie können geschlossene Ober�ächen nicht e�zient darstellen, und
eine Weiterverarbeitung für geometrische Anwendungen wie 3D-Druck ist schwierig.
Daher möchten wir sie in Ober�ächenrepräsentationen, insbesondere in Dreiecksnetze,
umwandeln. Diese Dissertation befasst sich mit der Herausforderung, aus fehlerhaften
Punktwolken genaue und robuste 3D-Objekte zu rekonstruieren.

Traditionelle Methoden stoÿen bei den De�ziten von Punktwolken an ihre Grenzen, was
die Erforschung datengetriebener Ansätze motiviert. Deep Learning auf Punktwolken ist
jedoch schwierig, da diese ungeordnet und unstrukturiert sind. Zudem ist ein Subsamp-
ling notwendig, weil neuronale Netze eine �xe Input-Gröÿe haben. Dieses Subsample
erzeugt jedoch Rauschen durch die teilweise zufällige Auswahl der Punkte. Unsere Arbeit
untersucht Lösungen für diese Herausforderungen.

Wir präsentieren drei Beiträge zum Feld der Ober�ächenrekonstruktion: Points2Surf, das
lokale und globale Priors kombiniert, um die Ober�ächenrekonstruktion über verschiedene
Objektklassen hinweg zu generalisieren; PPSurf, das Point-Convolutions und Attention
nutzt, um die Rekonstruktionsqualität weiter zu verbessern; und LidarScout, das eine
echtzeitfähige, out-of-core Visualisierung riesiger Luft-LIDAR-Scans durch e�ziente und
lokale Schätzung von Höhenkarten ermöglicht.

Unsere Ergebnisse zeigen, dass das Gleichgewicht zwischen lokalen Details und globalem
Kontext entscheidend für hochwertige, generalisierbare Rekonstruktionen ist. Wir zeigen,
dass Modelldesign, Datenaugmentation und e�ziente Repräsentationen entscheidend sind,
um mit Rauschen und fehlenden Daten umzugehen. Die Erkenntnisse bieten praxisnahe
Lösungen für die Rekonstruktion von einzelnen Objekten bis hin zu ganzen Landschaften.
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Abstract

Point clouds, while easy to acquire, are often noisy, incomplete, and lack connectiv-
ity. They cannot represent closed surfaces e�ciently, and processing for geometrical
applications like 3D printing is di�cult. Therefore, we want to convert them to surface
representations, most importantly, triangle meshes. This dissertation addresses the
challenge of reconstructing accurate and robust 3D objects from imperfect point clouds.

Traditional methods struggle with point cloud defects, motivating the exploration of
data-driven approaches. However, deep learning on point clouds is di�cult due to their
unordered and unstructured nature. Further, subsampling is necessary to �t them into
the �xed-size input of a neural network, which introduces randomness. In this thesis, we
explore solutions for these challenges.

We present three main contributions: Points2Surf, which combines local and global
priors to generalize surface reconstruction across diverse object classes; PPSurf, which
leverages point convolutions and attention to further improve reconstruction quality; and
LidarScout, which enables real-time, out-of-core rendering of massive aerial LIDAR scans
by focusing on e�cient, local heightmap estimation.

Our results demonstrate that balancing local detail with global context is key to achieving
high-quality, generalizable reconstructions. We show that model design, data augmen-
tation, and e�cient representations are crucial for handling noise and missing data.
The �ndings o�er practical solutions for reconstructions from single objects to entire
landscapes.
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CHAPTER 1
Introduction

Figure 1.1: Surface reconstruction aims to recover the original surface from scanner data,
here images.

1.1 Motivation

Imagine you want to create a digital 3D model of a real-world object like a statue, a car,
a house, a street, or even an entire landscape. This is a common need in �elds such as
movies, games, virtual reality, cultural heritage preservation, autonomous driving, and
geology. The �rst step is often to scan the object using cameras or laser scanners, which
results in a collection of samples in space called a point cloud. Each sample represents a
spot on the surface of the object, but they are not connected.

Thanks to the widespread availability of smartphones, point clouds are now easy to
acquire. However, such point sets are not e�cient or not usable for many applications.
For example, quickly rendering a closed surface or preparing a 3D print requires a more
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1. Introduction

structured representation. This is where surface reconstruction comes in: the process
of converting a raw point cloud into a continuous surface. Such a surface is typically
represented as a mesh, a digital wireframe made of triangles. A Signed Distance Field
(SDF) is a mathematical function describing the distance to the surface at every point in
space, often acting as a clean intermediate representation that is later converted to a
mesh. Such a mesh can be further processed with modeling tools and other programs to
be used in all the 3D applications that �ll our lives.

(a) A point cloud with missing regions (b) A bad reconstruction

Figure 1.2: Point clouds often have defects like scan shadows. A good reconstruction
method needs to be robust against this.

When we started this work, classic, non-data-driven methods for surface reconstruction
were the state of the art, most importantly Screened Poisson Surface Reconstruction
(SPSR) [KH13]. Such algorithms are based on �xed rules and formulas, and they only
receive inputs for the object they are trying to reconstruct. Therefore, such methods do
not know similar objects, scan patterns, or other possibly relevant context information.
As a result, they are not very robust against scan defects like noise, occlusions, and
varying point density. Figure 1.2 shows the result of an incomplete point cloud given to
SPSR. Further, SPSR and similar methods either require point normals or will produce
noisy surfaces.

Deep learning has the potential to solve these issues, since it can learn the context from
examples and apply it to the problem at hand. As an example, such a data-driven method
can learn that chairs usually have four legs, which it will reconstruct even when it has
only samples from three legs. More abstractly, a model will learn how samples from a
noisy scanner correlate to a clean surface, which allows for noise-robust reconstruction.

When this thesis started, deep learning for images had already shown impressive results,
while deep learning for point clouds was still in its infancy. Point clouds, with their
unordered point sets of varying size, pose an elemental challenge to deep learning, which
was tackled �rst by PointNet [ QSMG17] but is still a concern. Similarly, early methods
like PointNet and AtlasNet [ GFK + 18] depended strongly on prede�ned classes, such
as chairs and cars, producing bad results for unseen object types. Also, they encoded
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1.2. Problem Statement

the entire shape in a single feature vector, which puts a hard limit on the amount of
information that can be stored. This is especially problematic for complex and detailed
objects.

In this thesis, we explore the potential of data-driven surface reconstruction with a focus
on the di�erences between local and global priors. Particularly, we compare how they
a�ect e�ciency, quality, and generalization of the methods.

1.2 Problem Statement

In this thesis, we focus on data-driven surface reconstruction from point clouds. Here,
we brie�y introduce the main concepts necessary to understand our contributions and
our research goals.

Point clouds: We de�ne point clouds as a set of unordered points in 3D space, usually
acquired by a 3D scanner or photogrammetry software. The points can be accompanied
by additional information like normals, colors, and re�ectance. Typical scan defects
include noise, occlusions, and varying point density. For most parts, we do not care about
the source of point clouds. We are interested in methods that can replace the current
state of the art, and therefore, we aim to make our algorithms robust enough to cater
to them all. More precisely, we use a simulated time-of-�ight scanner for training and
various other sources, like photogrammetry, for testing.

Surfaces: Several de�nitions of surfaces exist depending on the context. Here, we de�ne
them as the set of points on the boundary of an object. We focus on solid objects in
three-dimensional Cartesian space. To be solid means that the objects must have a
consistent inside and outside. Therefore, objects must be closed and have a clean topology
without self-intersections or singularities. While many methods see the objects in their
entirety, some others, especially heightmap-based methods, see only a small fraction of
an object and split the domain into inside and outside along the up-axis. Surfaces are
often represented as implicit surfaces (i.e., signed distance �elds) or explicit surfaces (i.e.,
triangle meshes), both with advantages and disadvantages.

Surface reconstruction: Surface reconstruction is the process of estimating the original
surface from which a point cloud was sampled. This is an ill-de�ned problem, as there
are in�nitely many surfaces that can produce the same point cloud. However, some
surfaces are more likely than others. We aim to produce a clean and accurate surface,
even in the presence of missing and distorted data. Further, we need to infer global
properties like inside/outside without having clear indications in the input data, i.e., no
point normals. Classic, non-data-driven methods �t the estimated surface to the given
points, while data-driven ones predict the surface from such points using knowledge from
similar objects.

E�ciency and Quality: What makes a good surface-reconstruction method depends
to some degree on the task at hand. However, we have some metrics that are generally
relevant. The most important aspect of the e�ciency of a technique is to use as little

3



1. Introduction

memory as possible and be as fast as possible. Often, everything below a certain threshold
is good enough and does not receive any more e�ort for further improvement. We measure
the quality mostly by comparing the deviation of the reconstruction from the original
surface. This can be done at the surface level with, e.g., Chamfer distance and normal
deviation, or over the volume with, e.g., Intersection-over-Union and F1-Score. Since these
metrics work with quantization or sampling, they introduce some error and randomness.
E�ciency and quality need a careful trade-o� to make a method useful for the target
application.

Deep learning: One methodology that can be used to develop surface-reconstruction
algorithms is deep learning. It is a sub�eld of machine learning that uses arti�cial neural
networks to learn complex patterns in data. It has been successfully applied to a wide
range of tasks, especially in 2D. Deep learning on point clouds for reconstruction was in
its infancy at the start of this thesis. At its core, parameters in the layers, together with
activation functions, produce signals for their inputs. A loss function measures the error
between the �nal outputs and the desired outcome. Back-propagation assigns a share
of this error corresponding to their in�uence. An optimizer changes the parameters in
every iteration to minimize the loss. If the training process and model are well designed,
the network's weights converge to an optimum for the given task. We can choose and
develop many loss functions for the learning process, emphasizing certain properties of
the outputs like smoothness.

Supervised learning: Supervised learning is a machine learning paradigm where we
show the model many input-output pairs and let it minimize the deviation from its
prediction to the ground-truth output. This is opposed to, e.g., reinforcement learning, a
type of unsupervised learning, where we reward the model for changing its environment
positively. The main challenge of supervised learning is having a good dataset. The
training data should be as close as possible to the real data, which is often prohibitively
expensive. Therefore, we work around this issue with realistic but synthetic training
data.

Generalization: A key aspect of machine learning is generalization, the ability of
a model to perform well on unseen data. In our context, this is most relevant when
switching the system from training to testing, since we usually train on synthetic data
but apply it to the real world later. A similar problem arises when models are trained
on a speci�c type of object but used for other classes. Another common cause of bad
generalization is the point cloud source, e.g., laser scanner vs photogrammetry, each with
its di�erent properties and scan artifacts.

Priors: Whether a model can generalize well depends in large part on the priors it
encodes, which are essentially assumptions about the solutions of a problem. As an
example, a model for signed distance �elds could learn any kind of object, but we train
it exclusively on solids. Therefore, the model will produce solids, too. This means that
the output surfaces will be closed and clean, which are properties that depend on global
information. Here, this means that the model will require points on the entire object
to determine if a part of the domain is on the inside. When the model encounters an

4



1.2. Problem Statement

example in the real world that is missing a part, like a bust without its pedestal, the
model will try to close the bottom, and the results will be less accurate. In contrast,
other aspects, like preserving �ne features, only require local information. Here, the most
important prior is likely that the noise is roughly normally distributed without bias, so
the original surface is in the to-be-estimated middle. These local and global priors have
di�erent advantages and disadvantages, which we explore in this thesis.

From the description of these concepts, we can extract three aspects that are essential
for a good surface-reconstruction method:

1. An inconsistent inside-outside classi�cation largely increases the reconstruction
error in a global scope. Common artifacts are in the form of topological noise, i.e.,
small disconnected pieces �oating around and unwanted cavities inside the object.
Training on solid objects acts as a strong global prior, improving the accuracy.

2. Mistaking noise for signal is a major source of error in a local scope. Typical
consequences are over-smoothed edges, bumpy surfaces, and missing �ne structures.
Training on many regions of various scales and with many scan defects is a strong
local prior, which helps reconstruct small features of the input object.

3. Since resources are limited and the reconstruction must be �nished in a reasonable
time, a good method has to be e�cient. Further, the quality and costs require a
careful trade-o�. While low-level optimizations are always possible, designing and
tuning an algorithm towards e�ciency is generally more promising. For instance,
we can simplify the inside-outside classi�cation when the bottom is always inside.
As another example, while we need access to the raw data in the local scope, we
can limit the data used and get by with simple representations.

These aspects shed light on possibilities for improvement: higher encoding quality for the
input data on a global and local scale, and simpli�cations wherever possible. All in all,
the overarching research question of this thesis is: How can deep learning improve
surface reconstruction?
Or more precisely: How can we achieve accurate surface reconstruction that
works with all kinds of possibly imperfect point clouds and generalizes well
to unseen data?

5



1. Introduction

1.3 Contributions

During this thesis, we contributed three methods for surface reconstruction from point
clouds to the �eld. The �rst two target the high-quality reconstruction of a few solid
objects. The third one aims to reconstruct huge landscapes quickly from sparse and local
sub-samples.

1.3.1 Points2surf: Learning Implicit Surfaces from Point Clouds

Summary: A key step in any scanning-based asset creation work�ow is to convert
unordered point clouds to a surface. Classical methods (e.g., Poisson reconstruction)
start to degrade in the presence of noisy and partial scans. Hence, deep learning based
methods have recently been proposed to produce complete surfaces, even from partial
scans. However, such data-driven methods struggle to generalize to new shapes with
large geometric and topological variations. We present Points2Surf, a novel patch-based
learning framework that produces accurate surfaces directly from raw scans without
normals. Learning a prior over a combination of detailed local patches and coarse global
information improves generalization performance and reconstruction accuracy. Our
extensive comparison on both synthetic and real data demonstrates a clear advantage of
our method over state-of-the-art alternatives on previously unseen classes (on average,
Points2Surf brings down reconstruction error by 30% over SPR and by 270%+ over
deep learning based SotA methods) at the cost of longer computation times and a slight
increase in small-scale topological noise in some cases.

Individual Contributions: The �rst author, Philipp Erler, devised and implemented
the method. The network architecture is heavily based on Paul Guerrero's PCP-
Net [GKOM18] who strongly supported every development step. The main idea to
use an SDF came from Niloy Mitra. Stefan Ohrhallinger contributed various ideas.
Michael Wimmer was involved in high-level discussions and contributed feedback. All
authors were involved in writing the paper.

Publication: Philipp Erler, Paul Guerrero, Stefan Ohrhallinger, Niloy J. Mitra, and
Michael Wimmer. Points2surf: Learning Implicit Surfaces from Point Clouds. In
European Conference on Computer Vision, pp. 108�124. Springer, 2020.

DOI: 10.1007/978-3-030-58558-7_7

URLs: Project Page, Source Code

Status 2025-12-30: ECCV 2020 Spotlight (top 25%), 285 citations, 504 GitHub Stars
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1.3. Contributions

1.3.2 PPSurf: Combining Patches and Point Convolutions for Detailed
Surface Reconstruction

Summary: 3D surface reconstruction from point clouds is a key step in areas such
as content creation, archaeology, digital cultural heritage and engineering. Current
approaches either try to optimize a non-data-driven surface representation to �t the
points, or learn a data-driven prior over the distribution of commonly occurring surfaces
and how they correlate with potentially noisy point clouds. Data-driven methods enable
robust handling of noise and typically either focus on a global or a local prior, which
trade-o� between robustness to noise on the global end and surface detail preservation
on the local end. We propose PPSurf as a method that combines a global prior based on
point convolutions and a local prior based on processing local point cloud patches. We
show that this approach is robust to noise while recovering surface details more accurately
than the current state-of-the-art.

Individual Contributions: The �rst author, Philipp Erler, devised and implemented
the method in close cooperation with Lizeth Fuentes-Perez. Pedro Hermosilla and Paul
Guerrero participated in the discussions and helped write the paper. Renato Pajarola
and Michael Wimmer contributed in the high-level discussions and provided feedback.

Publication: Philipp Erler, Lizeth Fuentes-Perez, Pedro Hermosilla, Paul Guerrero,
Renato Pajarola, and Michael Wimmer. PPSurf: Combining Patches and Point Convolu-
tions for Detailed Surface Reconstruction. In Computer Graphics Forum (Vol. 43, No. 1,
p. e15000, 2024).

DOI: 10.1111/cgf.15000

URLs: Project Page, Source Code

Status 2025-12-30: 6 citations, 60 GitHub Stars
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1. Introduction

1.3.3 LidarScout: Direct Out-of-Core Rendering of Massive Point
Clouds

Summary: Large-scale terrain scans are the basis for many important tasks, such as
topographic mapping, forestry, agriculture, and infrastructure planning. The resulting
point cloud datasets are so massive in size that even basic tasks like viewing take hours to
days of pre-processing in order to create level-of-detail structures that allow inspecting the
dataset in their entirety in real time. In this paper, we propose a method that is capable of
instantly visualizing massive country-scale scans with hundreds of billions of points. Upon
opening the dataset, we �rst load a sparse subsample of points and initialize an overview
of the entire point cloud, immediately followed by a surface reconstruction process to
generate higher-quality, hole-free heightmaps. As users start navigating towards a region
of interest, we continue to prioritize the heightmap construction process to the user's
viewpoint. Once a user zooms in closely, we load the full-resolution point cloud data for
that region and update the corresponding heightmap textures with the full-resolution
data. As users navigate elsewhere, full-resolution point data that is no longer needed is
unloaded, but the updated heightmap textures are retained as a form of medium level
of detail. Overall, our method constitutes a form of direct out-of-core rendering for
massive point cloud datasets (terabytes, compressed) that requires no preprocessing and
no additional disk space.

Individual Contributions: The �rst author, Philipp Erler, devised and implemented
the heightmap prediction. Lukas Herzberger wrote a prototype for loading the chunk
points quickly and e�ciently. Markus Schütz adapted his CUDA-based software rasterizer.
Philipp and Markus wrote the paper and did the evaluation. Michael Wimmer contributed
in the high-level discussions and provided feedback.

Publication: Philipp Erler, Lukas Herzberger, Michael Wimmer, and Markus Schütz.
LidarScout: Direct Out-of-Core Rendering of Massive Point Clouds. In Aaron Knoll
and Christoph Peters, editors, High-Performance Graphics - Symposium Papers. The
Eurographics Association, 2025.

DOI: 10.2312/hpg.20251170

URLs: Project Page, Source Code

Status 2025-12-30: 20 GitHub Stars
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CHAPTER 2
Background and Related Work

This thesis deals with various representations of 3D data and the conversions between
those representations. The core task is the accurate and robust reconstruction of surfaces
from sparse and noisy point clouds. A common tool for these operations is deep learning.

2.1 3D Representations

Figure 2.1: 3D representations for our reconstruction pipeline: point cloud, implicit
surface, and explicit surface.

This thesis touches several kinds of 3D representations. The typical, SDF-based, data-
driven surface-reconstruction pipeline is as follows. First, we feed subsamples of the
input point clouds into a Neural Network (NN), which encodes them in feature vectors.
Another part of the NN decodes these features and regresses a signed distance. Many of
these predictions form an implicit surface, de�ned as a Signed-Distance Field (SDF) in a
grid. Iso-surface extraction, like Marching Cubes, converts the SDF to a triangle mesh.
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2. Background and Related Work

A key aspect of this thesis is to di�erentiate between local and global information.
Local information captures �ne details and properties that can be derived from a small
region of the object, such as surface normals and curvature. Global information contains
properties that may require seeing the entire object as a whole. Such global properties
include topological characteristics like the number of connected components and holes,
as well as the bounded volume. Sometimes, these scopes overlap. As an example, the
inside/outside can be derived from the nearest surface normals, but having consistent
normals on the whole object requires global information. This thinking in di�erent scopes
of information helps us estimate what an NN needs for its predictions and where bias
may occur. Therefore, these aspects propagate into data-driven surface reconstruction
with local and global priors.

2.1.1 Point Clouds

Point clouds are a simple yet widely used representation of 3D surfaces. They are easy
to acquire nowadays. Various scanners exist, from consumer-grade handheld devices
to expensive ones mounted on satellites. Another common source is taking photos and
using photogrammetry. While all methods provide a set of points in 3D space, some
o�er additional information like surface normals and colors. However, they all can come
with some defects, such as noise, varying sampling density, and missing regions. Since
connectivity is usually missing, point clouds are hard to process and ine�cient to render.
Therefore, conversion to other representations is often required, some of which are the
reconstruction methods in this thesis.

2.1.2 Implicit Representations

Implicit Surfaces store complex objects in a di�erentiable and continuous fashion. In
such a representation, we assign every point in space a distance to the encoded object.
All points having a distance of zero lie on the surface. Since we generally do not have
an analytical representation of the object, we need to sample the space, generating a
distance �eld. Usually, we truncate it and encode the inside/outside in the sign, meaning
+1 is far inside and � 1 is far outside. While the sign typically represents occupancy in
solid objects, it could also be used to encode other spatial properties, such as visibility
from the scanner. As an example, the sign can distinguish between known empty space
and unobserved regions. This is particularly useful for scenes and objects that are not
watertight or have multiple layers of thin structures.

For more e�ciency, we can store the SDF sparsely in an octree or kD-tree. While SDFs
are clean and smooth by de�nition, they are also ine�cient for rasterization, which
we need for fast rendering. Therefore, we often convert them to triangle meshes using
iso-surface extraction methods, like Marching Cubes [LC87].
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2.2. Surface Reconstruction

2.1.3 Explicit Representations

The dominant type of explicit representations is the triangle mesh, which is the cornerstone
for fast rendering, since hardware acceleration is mostly targeting rasterization. For
this, we store the vertices as a set of points and their connectivity as a tuple of vertex
indices (triangle faces). While this representation is very e�cient for encoding surfaces,
it may contain defects that would be impossible in reality, such as self-intersections and
non-manifold elements. Another important usage of explicit representations is geometry
processing and modeling, which, however, may require conversion to specialized variants
like halfedge, winged edge, or quad-dominant structures.

A di�erent kind of explicit geometry representation is a heightmap. Here, we store height
values in a raster image. This 2.5D data structure is very e�cient for mostly �at data
like large-scale landscapes. However, it cannot represent multiple surfaces at the same
coordinate, which commonly happens with caves and buildings, and it is inaccurate at
steep slopes.

2.2 Surface Reconstruction

Surface reconstruction aims to recover the original surface from given input samples. These
samples are usually a point cloud with all the possible defects described in Section 2.1.1.
The outputs are typically either explicit or implicit representations. Special cases like
reconstruction to parametric surfaces for CAD objects exist, too. In general, surface
reconstruction is an ill-posed problem since multiple surfaces may correspond equally
well to the one point cloud.

Surface-reconstruction methods can be categorized in multiple ways. Interpolation
techniques assume that the input points are accurate and need to be preserved. They
only try to recover the connectivity on the original surface. Approximation techniques,
on the other hand, assume that the points are erroneous and the original surface is only
near them. Such methods �t a surface to the given samples. For this thesis, the most
relevant surface-reconstruction techniques belong to the approximation type.

The relation between points and surface is hard to formulate mathematically. The most
important formulation is based on Poisson equations, as in Poisson Surface Reconstruc-
tion [KBH06]. Optimization-based methods work similarly as they try to minimize an
error de�ned by a mathematical relationship between points and the surface. While these
techniques work well for many point clouds, they tend to fail in di�cult cases.

A mathematical formulation may be di�cult, but we can easily generate training data
by inverting the problem, making surface reconstruction a good candidate for machine
learning. We have huge repositories of 3D objects available, such as ABC [KMJ + 19],
Thingi10k [ZJ16], and Objaverse [DLW + 23], we just need to sample point clouds from
them. To ensure that these training examples are representative of real-world tasks, we
require a good variety of object types and a realistic sampling process. Here, we separate
the methods into data-driven and non-data-driven ones, focusing on the former.
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2. Background and Related Work

2.2.1 Non-Data-Driven Surface Reconstruction

Here, we describe the most relevant classic and over�tting-based methods.

Berger et al. [BTS+ 17] present an in-depth survey of non-data-driven surface recon-
struction until 2017. One of the �rst 3D reconstruction methods, BallPivot [ BMR + 99],
runs from point to point in a point cloud, connecting them with edges. Scale space
meshing [DMSL11] applies iterative mean curvature motion to smooth the points for
meshing. It preserves multi-resolution features well. Ohrhallinger et al. propose a com-
binatorial method [OMW13] which compares favorably with previous methods such as
Wrap [Ede03], TightCocone [DG03], and Shrink [Cha03], especially for sparse sampling
and thin structures. However, these methods are not designed to process noisy point
clouds. Another line of work deforms initial meshes [SLS+ 06, LLZM10] or parametric
patches [WSS+ 19] to �t a noisy point cloud. These approaches, however, cannot change
the topology and connectivity of the original meshes or patches, usually resulting in
a di�erent connectivity or topology than the ground truth. The most widely used
approaches to reconstruct surfaces with arbitrary topology from noisy point clouds �t
implicit functions to the point cloud and generate a surface as a level set of the function.
Early work by Hoppe et al. introduced this approach [HDD+ 92], and since then, several
methods have focused on di�erent representations of the implicit functions, like Fourier
coe�cients [ Kaz05], wavelets [MPS08], radial-basis functions [OBS05], or multi-scale
approaches [OBS03, NOS09]. Alliez et al. [ACSTD07] use a PCA of 3D Voronoi cells to
estimate gradients and �t an implicit function by solving an eigenvalue problem. This
approach tends to over-smooth geometric detail. Poisson reconstruction [KBH06, KH13]
is the current gold standard for non-data-driven surface reconstruction from point clouds,
despite requiring normals. BallMerge [POEM24] uses Voronoi balls to recognize the
inside and outside of large scans.

Recent optimization-based works suggest over�tting an NN on a single object by mini-
mizing a loss function. They optimize the parameters of a neural network to predict the
signed distance to the surface [AL20, SMB+ 20, AL21] directly from a single point cloud.
In particular, Atzmon and Lipman [AL20] introduced this concept for unoriented point
clouds. They optimized the parameters of the neural network with a sign-agnostic loss
and a geometric initialization of its parameters. Gropp et al. [GYH+ 20] and Atzmon and
Lipman [AL21] followed up on this work and included a gradient regularization in the loss.
Later, Ma et al. [BZYSM21] introduced Neural-Pull, an optimization objective that uses
the gradient of the optimized SDF directly to move the query points to the closest point
in the input point cloud. In follow-up work, this approach was extended by incorporating
a network to classify a point being on the surface or not [CHL23], and an additional
loss that aligns the gradient direction between di�erent level sets of the SDF [MZLH23].
In order to improve the quality of the �nal SDF, Yifan et al. [ YWOSH20] and Zhou et
al. [ZML + 22] proposed to iteratively increase the input point cloud with points sampled
from the optimized SDF in the previous iteration. A di�erent approach was proposed by
Peng et al. [PJL+ 21], based on a di�erentiable Poisson Surface Reconstruction operation
that could be used for optimization-based or learned reconstructions. Di�erent from
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2.2. Surface Reconstruction

previous methods, the set of points in the surface is optimized through the di�erentiable
reconstruction instead of a neural network representing the SDF. Lin et al. proposed a
parametric Gauss formula for reconstruction [LXSW22], which has quadratic complexity
in memory leading to prohibitive costs for larger point clouds. VIPSS by Huang et
al. [HCJ19] formulates reconstruction as a constrained quadratic optimization problem.
iPSR by Hou et al. [HWW + 22] uses an iterative approach to Poisson reconstruction that
improves the surface more and more, while removing the need to be given point normals.
IsoPoisson by Xiao et al. [XSL+ 23] incorporates an isovalue constraint to the Poisson
equation, which helps with consistent normal orientation and consequently improved
reconstruction.

Non-data-driven methods are sensitive to noise, which is usually present in real 3D scans.
In order to address this limitation to some extent, Wang et al. [WWW + 23] propose
Neural-IMLS, a non-data-driven method that regularizes the smoothness of surface
normals using an MLP with limited capacity. While this produces smooth surfaces, it
also loses some geometric detail due to this non-data-driven regularization. Noise to
Noise Mapping by Baorui et al. [MLH23] focuses on the reconstruction of noisy point
clouds in an unsupervised over�tting scheme. Additionally, these methods often require
signi�cant reconstruction times due to the optimization being performed for each shape
individually, which can be a limiting factor for large scans.

None of the above methods make use of a prior that distills information about typical
surface shapes from a large dataset. Hence, while they are very general, they fail to
handle partial and/or noisy input. Data-driven surface reconstruction can solve this
issue.

2.2.2 Data-Driven Surface Reconstruction

Here, we outline a short history of data-driven surface reconstruction before we go into
the details of learning with global and local priors.

Several milestones in the history of deep learning contributed to making data-driven 3D
surface reconstruction possible. The introduction of backpropagation [RHW86] enabled
end-to-end optimization of neural networks. The success of ImageNet [KSH17] and its
implementation AlexNet demonstrated the power of supervised learning on large-scale 2D
datasets. Later, attention mechanisms [VSP+ 17] were invented, which largely increased
the e�ciency of deep learning, especially in high-dimensional problems. While this was
focused on human languages, tasks on 3D data also bene�t.

For learning on point clouds, the introduction of PointNet [ QSMG17] was a crucial
turning point, as it enabled learning, independent from the input ordering. Spatial
Transformer Networks [JSZ+ 15] and subsequent works like PCPNet [GKOM18] pushed
the limits of local geometric learning on raw point clouds.

A key concept in learning-based approaches is the notion of a prior, which encodes
assumptions about the solution space, such as smoothness and topology. In deep learning,
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2. Background and Related Work

these priors are implicitly captured by the architecture, training data, and optimization
process. Global priors allow for learning shape semantics, but require lots of memory and
usually do not generalize well. Local priors are the opposite, which is why many recent
methods (ours included) try to leverage the advantages of both with a hybrid approach.

Global Priors

When this thesis started, the �rst data-driven surface reconstruction methods had just
emerged. They were all learning global priors.

Early methods use voxel-based representations of the surfaces, with spatial data structures
like octrees o�setting the cost of evaluating the NN for a full volumetric grid [ TDB17,
WSLT18].

AtlasNet [GFK + 18] approximates the original surface with patches, primitives like
subdivided quads. Scan2Mesh [DN19] reconstructs a coarse mesh, including vertices and
triangles, from a scan with impressive robustness to missing parts. Both methods have
the same drawbacks: the result is typically very coarse and not watertight or manifold,
and does not apply to arbitrary new shapes.

A recent line of research has approached the problem of shape reconstruction in a data-
driven manner by using a large dataset to learn a prior over the distribution of commonly
occurring surfaces and how they correlate with the input point cloud. These approaches
are typically fast and robust to noisy inputs compared to non-data-driven approaches.
However, in such methods, the resulting reconstruction highly depends on the quality of
such priors.

Several works have proposed to use a global prior to capture the distribution over full
3D object surfaces [CZ19, MON+ 19, PFS+ 19]. These methods de�ne such a prior as a
single latent vector representing the shape, which is then used as a condition in a fully
connected network to decode the SDF of a given query point. Usually, the decoder is
trained on large datasets with a point-cloud encoder [MON+ 19, CZ19]. However, Park et
al. [PFS+ 19] proposed to train the decoder directly on such datasets and then optimize
the latent vector to match the noisy point cloud during inference. Recently, Zhang et
al. [ZTNW23] proposed to use richer global priors. They introduced an encoder-decoder
network that encodes the input point cloud using attention modules into a set of latent
vectors representing the shape, which are then used to predict the SDF for a set of query
points using cross-attention modules.

Local Priors

Recently, several methods have been proposed to learn a prior of typical surface shapes
from a large dataset. Early work was done by Sauerer et al. [LSJ+ 17], where a decision
tree is trained to predict the absolute distance part of an SDF, but ground truth normals
are still required to obtain the sign (inside/outside) of the SDF. Siddiqui et al. [STM+ 21]
encoded the input point clouds in a set of latent scene patches. These latent vectors
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are used to query a database of latent vectors from patches obtained from the training
set. The obtained patches are then blended together using an attention mechanism. Ma
et al. [BYSZ22] incorporated local priors by including a network pre-trained on a large
number of surface patches which classi�es a point as being on the surface or not. This
network is used to guide an optimization process that learns the shape's SDF using
another neural network. Jiang et al. [JSM+ 20] pre-trained an SDF encoder-decoder on
a large dataset of object parts. Then, during the optimization process, only the latent
codes of the di�erent parts of the object are optimized. Chen et al. [CTFZ22] propose a
dual contouring method learned on a small local prior.

Global and Local Priors

Since global and local priors provide complementary information about the shape, a com-
mon approach is to use a prior in the medium range using a hierarchical encoder-decoder
network. These approaches reduce the input point cloud to a simpli�ed representa-
tion, e.g., voxelization or subsampled point cloud, which is then enriched by the global
information provided by the bottleneck of the encoder-decoder architecture.

Chibane et al. [CAPM20] and Peng et al. [PNM + 20] proposed a 3DCNN encoder-decoder
network to encode the sparse or noisy point cloud to later predict the SDF for an arbitrary
point around the surface. Chibane et al. [CMPM20] extended this work to predict an
unsigned distance �eld, which allowed them to represent complex open surfaces. Tang et
al. [TLX + 21] extended the work of Peng et al. [PNM + 20] to include test-time optimization
to improve out-of-distribution point clouds. Ummenhofer and Koltun [ UK21] proposed
a CNN that works directly on an Octree, from which the model was able to predict
the SDF. Wang et al. [WLT22 ] also represented the input point cloud with an octree,
from which they constructed a graph. This graph was further processed by a GCN
encoder-decoder to generate an embedding for each octree node, from where the �nal
SDF is predicted. Dai et al. [DDN20] instead used a 3D sparse encoder-decoder network
to complete partial 3D scans and predict a complete SDF. Lionar et al. [LESP21] also
developed an encoder-decoder network but used instead the projection of the input point
cloud to a set of arbitrary 2D planes, from which the �nal SDF was predicted. Boulch
and Marlet [BM22] recently proposed to use an encoder-decoder network that directly
worked with points, avoiding discretization artifacts from voxel-based representations.
Although all these methods work relatively well when compared with methods that use
global or local priors alone, they often struggle to accurately capture �ne local details of
the shapes.

15





CHAPTER 3
Points2Surf: Learning Implicit

Surfaces from Point Clouds

Figure 3.1: Points2Surf is a method to reconstruct an accurate implicit surface from a
noisy point cloud. Combining local with global priors allows for detailed reconstruction
while preserving the topology. This also makesPoints2Surf the �rst learning-based to
generalize well to unseen shapes.

This chapter is based on our publication `Points2Surf: Learning Implicit Surfaces from
Point Clouds' published at the European Conference on Computer Vision 2020 [EGO+ 20].
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3. Points2Surf: Learning Implicit Surfaces from Point Clouds

3.1 Motivation

As described previously (see Section 2.2.2), when we started this work, deep learning
was just being adapted from images to 3D data like point clouds. PointNet [QSMG17]
enabled deep learning on unordered point sets for classi�cation and segmentation. Since
deep learning showed remarkable results in this and other areas, we wanted to be among
the �rst to try it for surface reconstruction.

Converting unstructured point clouds to surfaces is a key step of most scanning-based
asset creation work�ows, including games and AR/VR applications. While scanning
technologies have become more easily accessible (e.g., depth cameras on smartphones,
portable scanners), algorithms for producing a surface mesh remain limited. A good
surfacing algorithm should be able to handle raw point clouds with noisy and varying
sampling density, work with di�erent surface topologies, and generalize across a large
range of scanned shapes.

Screened Poisson Surface Reconstruction (SPR) [KH13] is the most commonly used
method to convert an unstructured point cloud, along with its per-point normals, to
a surface mesh. While the method is general, in the absence of any data-priors, SPR
typically over-smoothes surfaces, can incorrectly close o� holes and tunnels in noisy or
non-uniformly sampled scans (see Figure 3.1), and further degenerates when per-point
normal estimates are erroneous.

Hence, several data-driven alternatives [LSJ+ 17, DN19, PFS+ 19, GFK + 18] have recently
been proposed. These methods specialize in particular object categories (e.g., cars, planes,
chairs), and typically regress a global latent vector from any input scan. This means that
they try to compress the entire geometry of an object into a limited number of �oats,
typically a vector of 256-512 dimensions. Afterwards, the networks can decode a �nal
shape (e.g., a collection of primitives [GFK + 18] or a mesh [PFS+ 19]) from the estimated
global latent vector. While such data-speci�c approaches handle noisy and partial scans,
the methods do not generalize to new surfaces with varying shape and topology (see
Figure 3.1).

In contrast to such global approaches, the PointNet-based PCPNet [GKOM18] works on
local inputs. It estimates the di�erentiable properties, like curvature and normals, of a
query point from points within a certain radius. While global approaches are usually fast
and robust against messy inputs, they rarely generalize well to unseen object classes. With
these inspirations in mind, we set out to develop a data-driven surface-reconstruction
method that combines local and global priors. However, �nding a good representation
for learning surfaces turned out to be di�cult.

3.2 Preliminary Approaches

Before going into the details of thePoints2Surf , we want to roughly outline several
approaches we tried and why they failed to deliver useful results. These attempts
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3.2. Preliminary Approaches

eventually led to the working idea of learning a signed distance from both global and
local point cloud subsamples at the same time.

3.2.1 Principal Curvature Directions

(a) Principal curvature direc-
tions, as red and green bars.

(b) GT principal curvature di-
rections on a teapot, scaled by
con�dence.

(c) Regression of principal cur-
vature directions on a teapot.

Figure 3.2: Principal curvature directions GT data and prediction.

The common basis for the following approaches was PCPNet [GKOM18], a patch-based
network for estimating normals and curvature on point clouds. We expected it to be
able to learn principal curvature directions as well. Assuming accurate regressions, we
could further �t a 4-RoSy �eld and then apply quad-dominant meshing. First, generating
GT training data is not trivial. Figure 3.2a shows how CGAL's Monge via jet �tting is
sensitive to the triangulation, producing unusable results for this cylinder with slender
triangles. Isotropic remeshing with edge preservation solves this issue. The curvature
directions are ambiguous in many cases, i.e., spherical and �at regions. Weighting the
curvature directions by the di�erence between the magnitudes of the principal curvature
directions should help the network focus on reliable training examples. An example
is shown in Figure 3.2b. The model did not learn anything, even when we allowed
negations and swappingk1 with k2. Figure 3.2c depicts a �awed prediction. There were
several issues with this approach. Another factor for the failure might be the limited
encoding �delity of the underlying PointNet [ QSMG17]. Later, Hernandez et al. [HBM23]
learned an image-based representation of the mean curvature for generative hole �lling
on meshes. Harrison et al. [HBS25] recently showed that principal curvature directions
as additional input help learning segmentation on meshes. While learning with principal
curvature directions is done now, predicting them is still an open issue and might be
worth investigating in the future.
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