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Abstract

Creating a digital copy of the real world could greatly benefit people, but remains a challenging
goal in computer vision research. An accurately indexed indoor scene would allow users to
search for objects within a given snapshot and replay or alter experienced situations. While 3D
reconstructions provide geometric information about the observed scene, they often suffer from
noise, incompleteness, lack of semantic information, and limited usability. In our work, we aim
to digitize indoor scenes and convert them into a lightweight CAD model representation that
has a high level of geometric quality, a low memory footprint, and is naturally ready for use in
AR/VR applications.

The general process of CAD model alignment includes several tasks: detecting object instances,
retrieving 3D CAD model candidates, and aligning the 3D CAD models with the scanned objects.
Establishing correspondences between 3D scanned objects and 3D CAD models is challenging
due to the significant differences in their underlying geometry. Artifacts like over-smoothed
corners and missing geometry in the 3D scanned objects can lead to unreliable correspondences
when using conventional 3D point descriptors. This dissertation examines various innovative
data-driven techniques for the 3D CAD alignment task, ranging from the study of predicting
robust sparse correspondences, estimating dense correspondences and finally investigating the
connection between objects and architectural layout components in a scene. To address the
discrepancy between the two domains, we build a large-scale dataset consisting of 97607 manually
annotated keypoint pairs between 14225 CAD-to-scan alignments to serve as a foundation for
using data-driven methods.

In Scan2CAD, we develop a learning-based method that utilizes the dataset we built. It
predicts sparse keypoint correspondences between scan and CAD. The large corpus of our dataset
enabled our method to reliably learn to predict heatmaps on the CAD model given a query point
on the scan, while taking into account geometric and semantic similarity. These established
correspondences are then used in a 9-DoF pose optimization to determine the final pose.

To improve runtime and accuracy, we introduce a new approach that focuses on dense corre-
spondences between a scanned object and a candidate CAD model rather than sparse correspon-
dences. A lightweight retrieval model finds a suitable CAD model and a 3D CNN predicts dense
symmetry-aware object correspondences that are supervised by a specialized alignment loss. This
formulation allowed a fast and efficient way to estimate the optimal pose.

Finally, we explored a more holistic approach that takes the relationships between objects in
the scene and layout elements into account. This approach is effective because the placement
of furniture and the overall scene layout are closely connected. By using a graph neural net-
work to exploit the inter-dependency of entities, we can recognize the relationships between
them, resulting in consistent alignment of objects within the scene. Our results demonstrate a
significant improvement in CAD alignment accuracy when the global scene layout is taken into
consideration.
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Zusammenfassung

Die Erstellung einer digitalen Kopie der realen Welt könnte die Menschen in vielerlei Hinsicht von
Nutzen sein, sie stellt jedoch ein anspruchsvolles Ziel in der Computer Vision-Forschung dar. Eine
präzise indexierte Innenraumszene würde es Benutzern ermöglichen, innerhalb eines gegebenen
Schnappschusses nach Objekten zu suchen und erlebte Situationen erneut abzuspielen oder zu
verändern. Obwohl 3D-Rekonstruktionen geometrische Informationen über die beobachtete Szene
liefern, leiden sie oft unter Rauschen, Unvollständigkeit, fehlender semantischer Information und
einer eingeschränkten Verwendbarkeit. In unserer Arbeit zielen wir darauf ab, Innenräume zu
digitalisieren und sie in eine kompakte CAD-Modelldarstellung umzuwandeln, die eine hohe
geometrische Qualität aufweist, einen geringen Speicherbedarf hat und für die Verwendung in
AR/VR-Anwendungen geeignet ist.

Der Prozess der Ausrichtung von CAD-Modellen umfasst mehrere Aufgaben: Erkennen
von Objektinstanzen, Abrufen von 3D-CAD-Modellkandidaten und Posebestimmung der 3D-
CAD-Modelle mit den gescannten Objekten. Es ist schwierig, Korrespondenzen zwischen
3D-gescannten Objekten und 3D-CAD-Modellen herzustellen, aufgrund der erheblichen Un-
terschiede in ihrer Geometrie. Artefakte wie glättete Ecken und fehlende Geometrie in den
3D-gescannten Objekten können zu unzuverlässigen Korrespondenzen führen, wenn konven-
tionelle 3D-Punktdeskriptoren verwendet werden.

Diese Dissertation untersucht verschiedene innovative datengesteuerte Techniken für die 3D-
CAD-Lagebestimmung, die von der Vorhersage robuster Einzelkorrespondenzen, der Schätzung
dichter Korrespondenzen und schließlich der Untersuchung der Verbindung zwischen Objek-
ten und Layoutkomponenten in einer Szene reichen. Um die Diskrepanz zwischen den beiden
Bereichen anzugehen, erstellen wir einen großen Datensatz bestehend aus 97607 manuell an-
notierten Keypoint-paaren zwischen 14225 CAD-Scan-Ausrichtungen, um als Grundlage für die
Verwendung datengesteuerter Methoden zu dienen.

In Scan2CAD entwickeln wir eine lernbasierte Methode, die den von uns erstellten Datensatz
nutzt. Sie prognostiziert Einzelkorrespondenzen zwischen Scan und CAD. Die große Daten-
menge ermöglichte es unserer Methode, zuverlässig zu lernen, Heatmaps auf dem CAD-Modell
anhand eines Abfragepunkts im Scan vorherzusagen, wobei die geometrische und semantis-
che Ähnlichkeit berücksichtigt wird. Diese erstellten Korrespondenzen werden dann in einer
9-DoF-Poseoptimierung verwendet, um die endgültige Pose zu bestimmen.

Um Laufzeit und Genauigkeit zu verbessern, stellen wir einen neuen Ansatz vor, der sich auf
dichte Korrespondenzen zwischen einem gescannten Objekt und einem Kandidaten-CAD-Modell
statt auf Einzelkorrespondenzen konzentriert. Ein einfaches Abrufmodell findet ein geeignetes
CAD-Modell und ein 3D-CNN schätzt dichte symmetiebewusste Objektkorrespondenzen, die
von einer spezialisierten Ausrichtungsverlustfunktion überwacht werden. Diese Formulierung
ermöglichte eine schnelle und effiziente Methode zur Schätzung der optimalen Pose.
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Zusammenfassung

Schließlich haben wir einen holistischen Ansatz untersucht, der die Beziehungen zwischen
Objekten in der Szene und Grundriss-Elementen berücksichtigt. Dieser Ansatz ist wirksam, da
die Platzierung von Möbeln und der räumliche Grundriss der Szene eng miteinander verbunden
sind. Durch die Verwendung eines Graphen Neural Network zur Identifizierung von Beziehungen
zwischen allen Entitäten, können wir eine konsistente Ausrichtung der Objekte in der Szene
erreichen. Unsere Ergebnisse zeigen eine deutliche Verbesserung der Genauigkeit der CAD-
Ausrichtung, wenn der globale Grundriss der Szene berücksichtigt wird.

viii



Contents

Acknowledgement iii

Abstract v

Zusammenfassung vii

Contents ix

1 Introduction 1
1.1 Cumulative Thesis Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.3 List of Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2 Background 5
2.1 3D Geomtery Representation . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.2 3D Reconstruction of Indoor Environments . . . . . . . . . . . . . . . . . . . 6

2.2.1 Active Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.2.2 Fundamentals on Static RGB-D Scene Reconstruction . . . . . . . . . 8
2.2.3 Challenges of 3D Reconstruction . . . . . . . . . . . . . . . . . . . . 10
2.2.4 Applications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.3 Computer-Aided Design Models . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.4 CAD Model Alignment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.4.1 Handcrafted 3D Feature Descriptors . . . . . . . . . . . . . . . . . . . 15
2.4.2 Overview of Shape Alignment Methods . . . . . . . . . . . . . . . . . 17
2.4.3 ICP . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
2.4.4 Shape Retrieval . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.4.5 Image-Shape Alignment . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.5 Data-driven 3D Scene Understanding . . . . . . . . . . . . . . . . . . . . . . 23
2.5.1 3D Semantic Instance Segmentation . . . . . . . . . . . . . . . . . . . 23
2.5.2 Semantic Scene Completion . . . . . . . . . . . . . . . . . . . . . . . 25

3 CAD Model Alignment in RGB-D Scans Using Sparse Heatmap Correspon-
dences 27
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.2 Related work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
3.3 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

ix



CONTENTS

3.4 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
3.4.1 Data Annotation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
3.4.2 Dataset Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
3.4.3 Benchmark . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.5 Correspondence Prediction Network . . . . . . . . . . . . . . . . . . . . . . . 34
3.5.1 Data Representation . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
3.5.2 Network Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
3.5.3 Training Data Generation . . . . . . . . . . . . . . . . . . . . . . . . . 36
3.5.4 Training Process . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.6 Alignment Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
3.7 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3.7.1 Correspondence Prediction . . . . . . . . . . . . . . . . . . . . . . . . 38
3.7.2 Alignment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.8 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
3.9 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
3.10 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.10.1 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
3.10.2 Evaluation Metric . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
3.10.3 Correspondence Prediction Network . . . . . . . . . . . . . . . . . . . 46
3.10.4 Alignment Error Analysis . . . . . . . . . . . . . . . . . . . . . . . . 47
3.10.5 Alignment Algorithm Details . . . . . . . . . . . . . . . . . . . . . . 48
3.10.6 Alignment Optimization Analysis: Comparison to RANSAC . . . . . . 49
3.10.7 Baseline Method Details . . . . . . . . . . . . . . . . . . . . . . . . . 49

4 End-to-End CAD Model Retrieval and 9-DoF Alignment Using Dense Ob-
ject Correspondences 53
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
4.2 Related work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
4.3 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
4.4 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4.4.1 Network Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
4.4.2 Training . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61
4.5.1 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
4.7 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.7.1 SUNCG . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

5 Learning CAD Model Alignments and Scene Layouts in RGB-D Scans 67
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68
5.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
5.3 SceneCAD: Joint Object Alignment and Layout Estimation . . . . . . . . . . . 70

5.3.1 Layout Prediction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
5.3.2 CAD Model Alignment . . . . . . . . . . . . . . . . . . . . . . . . . 72

x



CONTENTS

5.3.3 Learning Object and Layout Relationships . . . . . . . . . . . . . . . . 73
5.4 Object+Layout Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

5.4.1 Extraction of Scene Layouts . . . . . . . . . . . . . . . . . . . . . . . 74
5.4.2 Extraction of Object and Layout Relationships . . . . . . . . . . . . . 75
5.4.3 Synthetic Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

5.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
5.5.1 CAD Alignment Performance . . . . . . . . . . . . . . . . . . . . . . 75
5.5.2 Layout Prediction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

5.6 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
5.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
5.8 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

5.8.1 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

6 Limitations 83

7 Conclusion & Future Work 85

Bibliography 87

Appendix 97

Original Publications 99
Scan2CAD: Learning CAD Model Alignment in RGB-D Scans . . . . . . . . 99
End-to-End CAD Model Retrieval and 9DoF Alignment in 3D Scans . . . . . . 110
SceneCAD: Predicting Object Alignments and Layouts in RGB-D Scans . . . 121

Acronyms 139

List of Tables 141

List of Figures 143

xi





1 Introduction

Over the past decade, researchers have increasingly turned to 3D data to explore new scene
understanding techniques. For a long time, the primary source of data was photographs and
images. The availability of consumer-grade depth sensors, such as the Microsoft Kinect or
StructureIO sensor, has made it possible to create detailed and comprehensive reconstructions
of indoor environments, resulting in a high-density and rich representation of the surroundings.
When a 3D scene is reconstructed accurately, it opens up the possibility of placing and simulating
objects in a virtual world and even blending them seamlessly into the real world. For virtual
reality products, it is crucial to create an accurate map of the surrounding environment to prevent
users from accidentally colliding with or running into obstacles. The fundamental issues with
using 3D reconstruction algorithms for straightforward scene capture are that the results are often
incomplete and contain noise (as shown in Figure 1.1). Additionally, objects in the scene are
not segmented and instead are grouped together, as the entire scene is represented by triangles
without any additional semantic information. As a result, the quality of such reconstructions is
not on par with that of artistically modeled environments, making them only partially suitable
for use in AR/VR applications. Scanners are often unable to thoroughly scan an entire room as
they are not able to reach every point in space and capture objects from every viewpoint. Depth
sensors usually have a limited resolution, and their accuracy decreases as the surface distance
to the camera increases. As a result, sharp corners and edges may be smoothed out due to the
discretization level and voxel resolution used. There is also a practical limitation on the voxel
resolution that is determined by the memory capacity of the device running the reconstruction
algorithm.

Given the many limitations of 3D reconstruction, one solution is to use post-processing
techniques to improve the overall quality and enable a wider range of applications. One approach
is to use 3D Computer Aided Design (CAD) models which are created with a high degree of
precision and quality. There are millions of publicly available CAD models on various platforms
that can be used to replace noisy and incomplete objects in scans with their high-quality CAD
counterparts. Modeling software such asSolidworks, Catia, AutoCADfor the engineering
industry orMaya, Blender, 3ds Maxallows engineers and hobby designers to create a vast
number of high-quality models of everyday objects, such as vehicles, furniture, appliances, and
even vegetables. Many objects found in typical households likely have a corresponding 3D
model. CAD models often come with high-resolution textures and accurateBRDFmaterials for
physically-based rendering. With accurate computer-assisted geometry and support for photo-
realistic rendering, CAD models are suitable candidates for the replacement of objects in 3D
reconstructions. Ideally, we would like to learn from and use existing collections of high-quality
assets created by professional artists in order to improve reconstruction quality as illustrated in
Figure 1.2.
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1 Introduction

(a) With vertex colors. (b) Geometry only.

Figure 1.1: Noisy RGB-D indoor reconstruction with and without color illustrating incompleteness and
artifacts of the �nal capture.

With advancements in semantic segmentation, particularly semantic instance segmentation,
it is possible to understand the basic taxonomy of the objects in a scene. For example, one
can determine the class of an object and its geometrical shape through segmentation. While
this approach is fundamental for general scene understanding, it cannot by itself improve the
quality of 3D reconstructions. This dissertation focuses on the digitization of 3D reconstructions,
which is the process of transforming a scene-level RGB-D 3D reconstruction into a high-quality,
lightweight CAD representation that has a higher level of geometric quality, lower memory
footprint, and comes naturally with a set of attributes. Such a compact CAD representation of
scenes allows for the virtual manipulation of object arrangements and is suitable for use in AR/VR
applications. The challenges of this transformation are three-fold: 1) detecting objects in a 3D
scene, 2) �nding a suitable CAD candidate counterpart for replacement, and 3) estimating the
pose of the CAD model. Each step plays a crucial role in the �nal CAD alignment performance.
In this dissertation, we investigate three different aspects of the �eld of 3D CAD model alignment.
Speci�cally, we:

• Introduce Scan2CAD, a learning-based method that uses pose optimization to match objects
by predicting sparse keypoint correspondences between a scan and a CAD model.

• Present an end-to-end trained method that predicts dense correspondences between a
scanned object and a CAD model, which can be used to ef�ciently determine the optimal
pose.

• Introduce SceneCAD, which explores the bene�ts of jointly estimating the arrangement of
CAD models and the layout elements of a scene.

2



1.1 Cumulative Thesis Outline

(a) RGB-D reconstructed scene. (b) CAD-based scene.

Figure 1.2: Geometrical comparison between an RGB-D reconstruction and a CAD-based scene. The
CAD-based scene is complete, maintains sharp edges/corners, and shows qualitatively a higher
�delity.

1.1 Cumulative Thesis Outline

The organization of this thesis is as follows: The main contributions and the publications upon
which the thesis is based are presented in the introduction.

In chapter 2, background context is provided to facilitate understanding of the thesis, including
information on common 3D geometry representations, RGB-D reconstruction techniques, on the
creation and use of CAD models, CAD model alignment methods, and data-driven 3D scene
understanding methods.

Our papers [1], [2], [3] are discussed in chapter 3, chapter 4, and chapter 5 respectively. In
chapter 6, we point out the limitations of our methods. Finally, the thesis is concluded and
potential future research directions are presented in chapter 7.

1.2 Contributions

In this dissertation we mainly work with Deep Learning (DL)-based techniques and propose
various methods to transform a noisy RGB-D scan into a high-quality CAD scene representation
by detecting objects in the scan, retrieving a matching CAD candidate, and aligning it onto the
scan. The foundation of our work is the large-scale database that we build in order to learn
shape retrieval & pose alignment of CAD models. We leverage the 3D model repository called
ShapeNet [4] and a 3D scan dataset called ScanNet [5] in order to connect both domains for the
CAD model alignment task.

• We build a large-scale cad-to-scan dataset comprising of 97607 manually annotated key-
point correspondences between 14225 3D CAD models and scanned real-world object
pairs on over 1500 indoor scenes. This dataset forms the basis for later data-driven learning
methods addressing the task of aligning CAD models.

3



1 Introduction

• Introduce a new 3D Convolutional Neural Network (CNN) that �rst predicts 3D correspon-
dence heatmaps between a scanned object and a CAD model, which are then utilized in
a second step by a variational Levenberg–Marquardt (LM) optimizer to estimate a �nal
9-DoF pose.

• Develop a neural network to align CAD models onto 3D scans, which is trained in an
end-to-end manner. By jointly training a lightweight retrieval network and the dense
correspondence network with an ef�cient alignment loss we outperform existing baselines
by a signi�cant margin.

• Propose a new approach that simultaneously estimates the arrangement of CAD models
and the layout of a scene to create a globally consistent CAD scene representation. By
taking into account the relationships between objects and the layout, this method enhances
the alignment performance of CAD models and also generates a simple, lightweight scene
layout using quadrilaterals.

1.3 List of Publications

Authored

• Avetisyan, A., Dahnert, M., Dai, A., Savva, M., Chang, A. X., & Nießner, M. (2019).
Scan2cad: Learning cad model alignment in rgb-d scans.In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition(pp. 2614-2623).

• Avetisyan, A., Dai, A., & Nießner, M. (2019). End-to-end cad model retrieval and 9dof
alignment in 3d scans.In Proceedings of the IEEE/CVF International Conference on
Computer Vision(pp. 2551-2560).

• Avetisyan, A., Khanova, T., Choy, C., Dash, D., Dai, A., & Nießner, M. (2020). Scenecad:
Predicting object alignments and layouts in rgb-d scans.In Computer Vision–ECCV 2020:
16th European Conference, Glasgow, UK, August 23–28, 2020, Proceedings, Part XXII 16
(pp. 596-612). Springer International Publishing.

Co-Authored

• Wald, J.,Avetisyan, A., Navab, N., Tombari, F., & Nießner, M. (2019). RIO: 3D object
instance re-localization in changing indoor environments.In Proceedings of the IEEE/CVF
International Conference on Computer Vision(pp. 7658-7667).
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2 Background

2.1 3D Geomtery Representation

On contrary to the 2D domain where high-resolution images can be stored on a regularly spaced
2D grid, where each cell is also called a pixel, in the 3D domain there are several options to
encode the underlying 3D geometry.

Existing geometry representations can be broadly categorized into three categories:point
cloud, mesh, andvoxel grid:

Point cloud A point cloud is a point-based data representation that encodes the 3D surface
of an object or an environment by a set of points. Each point is represented by a 3D coordinate
(x; y; z). Often points are decorated by additional features such asRGBvalues that represent the
color information of the point or normal values(nx ; ny ; nz) which indicates the surface normal
of the point. The points in a point cloud are typically unstructured which means that the point
density in any region can be arbitrary due to variable spacing. However, they do not capture the
topological structure of the 3D shape and are less suitable for tasks that require the manipulation
of surface features or the representation of smooth, continuous surfaces.

Point clouds can be generated using different methods such as laser scanners (LiDAR), structure
light scanners, stereo matching, point triangulation from multiscopic views, and surface sampling
of 3D models.

Mesh A mesh is de�ned by a set of vertices and a set of faces that describes the surface of
a 3D object or environment. A vertex is a discrete 3D point coordinate(x; y; z) and a face
contains indices of points that form a planar polygon (typically triangles). The discrete polygons
interconnect the vertices and thus approximate the shape of the underlying object. Popular
data format allow augmentation by vertex or faces properties such as color information, normal
information, or UV coordinates. Meshes capture the topological structure of the 3D geometry
and are suitable for tasks that require surface information. Meshes can be generated in several
ways, for example, with 3D modeling software that allows direct manipulation of polygons or
primitives by a set of operations, marching cubes, or by surface �tting such as the Poisson surface
reconstruction method.

Voxel grid A voxel grid is a 3D data structure that divides the 3D space into equally sized
voxels, where each voxel carries the value of one or multiple attributes. Typically for 3D shapes,
voxel grids are discrete scalar �elds that contain binary values or (signed) distance values.

A binary voxel grid is also called an occupancy grid where each voxel can take a 0 or 1 value
indicating whether the voxel is occupied or free. For example, the value can represent whether
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the volume of the voxel represents matter/geometry or free space. Since only binary values are
allowed, boolean data types with a small memory footprint can be used to represent the values.
Due to its simplicity, this is a popular choice in the computer vision community. However, in
practice, a high resolution is required to sample the space in order to avoid aliasing effects.

A volumetric signed distance �eld is a representation of a 3D shape using a voxel grid, where
each cell stores the distance between its center and the nearest surface point. The sign of the
distance indicates whether the voxel is inside or outside of the shape. An unsigned distance �eld
is used in situations where the distinction between inside or outside is not possible or unavailable.
The advantage of signed distance �elds over occupancy grids is that they provide a smooth and
continuous representation of the surface.

2.2 3D Reconstruction of Indoor Environments

3D reconstruction is the process of creating a 3D model clone of a physical object or physical
environment through a set of observations. In the past, several techniques for 3D reconstruction
have been developed that vary in terms of the type of input, the algorithms used, and the output.
These methods can be grouped into two broad categories: active and passive, which refer to the
type of sensing method used for 3D reconstruction:

Active methods actively sense the object or environment with external light in order to build a
depth map. For example, the depth of an object relative to a camera can be measured by emitting
light in a particular pattern and measuring the re�ectance from its surface. Examples of sensors
in active reconstruction methods include structured light, time-of-light lasers, LiDAR, Radar, or
ultrasounds [6]. The upcoming chapters of this thesis will concentrate on active reconstruction
methods, and more speci�cally, on RGB-D reconstruction methods which acquire a color image
and a depth image simultaneously.

Passive methods do not involve any active interference with the object or environment being
scanned, and thus do not rely on external stimuli. They measure the intensity of the light re�ected
or emitted by an object passively. Typically, passive methods employ a camera sensitive to visible
light to capture a set of images and then deduce the geometry of the object or environment.
Examples of passive reconstruction methods include photogrammetry, multi-view stereo, and
structure from motion.

2.2.1 Active Methods

Structured Light A structured light sensor is a device with a light source that projects laser
beams onto the scene. Typically, a near-infrared laser projects invisible dots or lines pattern in
a grid structure. A separate receiver reads the re�ected incoming light and estimates a depth
map by the deformation characteristics of the projected pattern [8, 9]. The Microsoft Kinect has
been a popular choice as a low-cost, hand-held sensing device in the computer vision community
that works on the principle of structured light [10]. Some materials are categorically hard or
impossible to scan. For example, shiny surfaces may de�ect or dark objects may absorb the
outgoing light making it for the receiver dif�cult to read the structured light. Transparent or
semi-transparent objects cause dif�culties as well because of complex scattering effects leading
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(a) Scanned geometry (noisy). (b) Normals.

(c) Scanned geometry (high-�delity). (d) Normals.

Figure 2.1: Comparison of alow quality (top) vs ahighquality (bottom) scene reconstruction from the
Replica dataset [7].

to unwanted de�ections. Such materials can degrade the quality by creating noise or leaving
holes in the depth map (see Figure 2.2).

LiDAR Light detection and ranging (LiDAR) is a technology that gained popularity in wide
applications, including navigation, self-driving cars and robotic. A lidar sensor consists of a laser
transmitter, a receiver and a detector. The laser emits a single laser pulse towards a directed mirror,
which guides the beam onto the scene. The laser beam eventually hits the surface of an object
and the resulting re�ected laser beam is captured by a receiver. The global position is estimated
by measuring the time and position of the emitted and received signal respectively. Note that
moving LiDARs have a number of scanning patterns (e.g. rotating or pitching movement) which
determine the sampling pattern of the points [11, 12]. Common challenges of LiDAR scans are
inaccuracies due to a moving platform and restricted real-time performance from high scanning
frequency which can lead to sparser point clouds [12].

Time-of-Flight A �ash Time-of-Flight (TOF) emits short laser pulses onto the entire scene
through an optical diffusor. An array of photodiodes measures the incoming time of �ight
of the re�ected light for each pixel. Since a single laser pulse is bursted onto the scene, an
active scanning movement is not needed [11]. A common challenge is the energy fall off of a
single emitted light that is divided among multiple detectors after the re�ection from the surface.
A desirable property of a ToF camera is that the depth map is acquired in a 2D grid. Many
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(a) RGB frame. (b) Depth frame.

Figure 2.2: Re�ective and very dark surfaces raise dif�culties for accurate depth estimates. The emitted
light is being either de�ected away or absorbed leaving no signal in the region with the critical
surface material as in this example with the TV from the ScanNet dataset [5] © 2017 IEEE

consumer-grade RGB-D cameras (e.g. Microsoft Kinect v2) use the ToF technology because of
their low-cost and real-time scanning speed.

2.2.2 Fundamentals on Static RGB-D Scene Reconstruction

Many RGB-D scene reconstruction methods follow coarsely the following processing steps:
acquisition of aligned RGB and depth frames, camera pose estimation, depth map fusion, and
model update (see an overview Figure 2.3).

Differentiation between methods is in terms of scene representation, model data structure,
frame registration & camera tracking, loop closure detection, and global optimization.

Figure 2.3: Typical system pipeline for many RGB-D reconstruction methods [10].

Basic RGB-D Volumetric Fusion The standard technique to generate RGB-D reconstruction
is based on the volumetric fusion approach from Curless and Levoy [13]. The concept is to update
an existing Signed Distance Function (SDF) represented by a discrete voxel grid by a new range
image (depth map) at a time in a cumulative weighted manner (see Equation 2.1). The distances
in the depth maps represent the nearest range surface to the camera sensor and the zero crossing
is a point on the range image surface. In practice, the weights are necessary to handle noise in the
depth maps. Finally, the surface mesh is extracted through face polygonization by a Marching
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Cubes algorithm [14] or ray casting. The update rule of the SDF is

SDF i +1 (x) =
Wi (x) � SDF i (x) + wi +1 (x) � sdf i +1 (x)

Wi (x) + wi +1 (x)
(2.1)

wherex is the spatial position,SDF i is the weighted estimate of the signed distance value
for iteration i , sdf i +1 (x) is the new distance measurement,Wi is the cumulative weight for
iterationi andwi is the new weight increment. In the simplest case,wi (x) = 1 corresponds to a
running average of the measurement stream. In practice, the weight function tends to be more
sophisticated and tries to givegoodmeasurements a high weight andbadmeasurements a low
weight respectively by employing various heuristics.

Curless and Levoy's formulation separates 3 regions: air or empty space, unseen or unobserved
space, and near-surface space. The truncation region and isosurface are located in the near-surface
space, where the signed distance function changes its sign as it approaches zero. For ef�ciency,
the empty and unobserved spaces are often excluded from the map-building process, as they are
assumed to contain little useful information.

Model-based Dense TSDF-fusion Newcombe et al. [15] fuses incoming depth images
into a single global model by rigidly registering incoming depth frame to the surface from the
latest version of the model via a coarse-to-�ne ICP algorithm. The ICP alignment between the
measured and the predicted surface represents the pose estimation. New depth maps are fused
into a dense volumetric TSDF-grid which over time averages out noise and outliers in the depth
maps. Unoptimized versions of this system exhibit almost quadratic memory growth with the
scanning range.

Fast Sparse TSDF-fusion Nießner et al. [16] uses a model representation with an ef�cient
data structure allowing fast data manipulations operations without excessive memory overhead.
Only voxels that represent occupied geometry are stored, and pointers to the voxel are stored
in a spatial hash. This system allows large-scale volumetric scene reconstruction in real-time.
Hornung et al. [17] propose a compact octree-based data format that also explicitly models
unknown and free space respectively. With the ef�cient data structure, the memory consumption
is kept low, but map updates and rendering through ray-casting can still be performed at high
frame rates. Chen et al. [18] use a semi-sparse hierarchical data structure with different branching
factors at each level and a full grid at the nodes. This data structure maps successfully on the GPU
and allows real-time reconstruction with a moving hierarchy scheme to capture larger scenes.

Point-based Reconstruction Keller at al. [19] uses a point-based surfel model represen-
tation that performs high-resolution reconstruction in real-time without an intermediate scene
representation. This technique allows leveraging the commodity standard graphics pipeline for
further speed up. Whelan et al. [20] further improved this method by adding a photometric
model-to-frame tracking scheme and a non-rigid deformation graph on the map accompanied by
a periodic loop closure.
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Global Optimization Frame-to-frame tracking and to a lesser extent frame-to-model tracking
suffer from pose drift over time due to accumulated local errors. Maier et al. [21] segments the
pose graph & space in submaps and performs bundle adjustment locally within a submap. In the
second step, submaps are globally aligned with each other. This technique signi�cantly reduces
computational burden compared to a full bundle adjustment operation while yielding globally
consistent poses in the presence of noise. Dai et al. [22] proposed a technique where a global
pose optimization is performed on every incoming frame, and the model surface is reintegrated
by the updated pose. Coarse global alignment is established by sparse correspondences among
all history frames, then the alignment is re�ned through a dense term. Consecutive frames are
organized in chunks which are �rst locally optimized, and in the second step chunks are globally
optimized.

Lighting & Material Estimation Guo et al. [23] estimate albedo, re�ectance, and illumina-
tion parameters in a non-rigid RGB-D reconstruction setup. The illumination is modeled through
a low-frequency spherical harmonics lighting model and the surface material is assumed to be
Lambertian [24]. The explicit modeling of lighting & material parameters helped to improve
tracking and reconstruction performance in scenarios with challenging illumination change.

2.2.3 Challenges of 3D Reconstruction

To prevent inaccuracies in simulations or virtual environments, it is important to create high-
quality, high-�delity reconstructions. In cases where interactions between agents and objects
(such as sitting on a chair) or objects and objects (such as a ball bouncing off a wall) are simulated,
small deviations from the true geometry can lead to incorrect intersections between the interacting
volumes or implausible physics simulation results. The more precise the reconstructed scene is,
the less likely downstream tasks will make errors. For instance, in light transport simulations, the
surface normals of the scene play a signi�cant role. Because the angle of de�ection is calculated
based on the normal at the incident point, relighting a noisy scene can greatly differ from the
actual lighting. You can compare quality degrees in Figure 2.1.

Scanning technologies can only capture data for surfaces that are visible. In many situations,
it is not feasible or possible to scan every part of an environment. The amount of scanning
effort required to achieve high coverage can be substantial and in�uenced by factors such as the
complexity of the shape (e.g. internal cavities) or access to the surface (e.g. under a bed). As a
result, the �nal reconstruction is often partial and incomplete. The issue of unobserved space due
to lack of access is a major limitation to achieving complete scene reconstructions.

Occlusions In typical indoor environments, objects often occlude other objects or parts of the
layout. For example, a wardrobe covers a substantial part of the wall. In a non-intrusive scanning
session, the wall behind the wardrobe will remain uncaptured.

Complexity Large environments and scenes with �ne details and small features pose a chal-
lenge because of stark variations in scale. Due to practical resolution limitations, it may become
dif�cult to maintain high accuracies over a large range of scales.
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Surface Material Very re�ective and/or absorptive surfaces and materials pose challenges
for the popular structured light depth sensors because the emitted infrared rays are not properly
sensed when hitting such surfaces. This leads to artifacts, noise, and errors in the depth map
which negatively in�uences the �nal output (see Figure 2.2).

Scene Lighting Even if the scanner manages to attain a high surface coverage and thereby
generate a complete scene resulting in a visually appealing scan, the lighting (e.g. shadows and
specular highlights) is statically baked into the texture map of the scan as seen in Figure 2.4. In
most 3D reconstructions stacks a uniform global illumination is assumed and typically lighting
parameters (light position, light direction, light intensity, etc.) are not estimated. Particularly
environments with complex lighting with multiple non-uniform light sources pose a challenge.

Figure 2.4: 3D scan aimed for high surface coverage. View-dependent lighting effects are statically baked
into the texture map of the scene. It becomes dif�cult to realistically relight this scene and
remove the shadows.

2.2.4 Applications

For example, autonomous agent navigation relies heavily on a reasonably well-reconstructed
scene. Large holes or falsely bumpy surfaces lead to non-optimal trajectory planning. Depending
on the quality of the reconstruction, certain targets during trajectory planning may be evaluated
as inaccessible which can lead to catastrophic consequences. Other robots that grasp objects
require a complete geometry of the underlying to estimate the optimal touching/contact points.
Noise and clutter can negatively impact grasping performance and certain objects may be falsely
evaluated as unpickable. Overall, for robotic applications, the underlying geometry often serves
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as the backbone for various downstream tasks. Hence, a high scene reconstruction quality is
crucial for the �nal task performance.

The key concept behind Augmented Reality (AR) applications is the ability to interact with
the real world through virtual objects. The quality of the scene reconstruction is crucial to the
user experience. For instance, if a virtual mug is placed on a real table, the user expects it to be
stable and level. However, if there is noise or holes in the reconstruction, the mug may appear
tilted or fall through the table. As augmented objects are superimposed on the video capture,
any discrepancies or artifacts in the reconstruction will be particularly noticeable to the user (as
shown in Figure 2.5).

Figure 2.5: Placement of a virtual object (pillow) on the sofa with an IPad [25]. Wrong geometry estimate
will cause unrealistic contact points with the sofa and bears the risks of a de�cient user
experience.

2.3 Computer-Aided Design Models

CAD models are commonly created using 3D computer modeling software, such as 3ds Max in
the entertainment industry, or SolidWorks in the engineering industry. These programs generally
offer tools for simple 3D asset creation, including techniques like sweeping, revolving, extrusion,
cutting, a variety of boolean operations, topological manipulations, and surface deformations.
The software typically includes a graphical user interface with a main window displaying the
3D world and a toolbar with a set of features. While building a 3D model from scratch is a core
function of these programs, many also include acompositionor assemblymode, allowing users
to place instances of objects to quickly compose a scene. This hierarchical, part-based approach
can be used to create entire cities using a pre-existing model repository.

When designing a product, a modeler uses a computer display to control and alter a rendered
representation of the product, which is generated from a mathematical model that must have
suf�cient capabilities to represent and manipulate free-form surfaces. The user does not directly
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interact with the mathematical equations of the parametric surface models but instead works
with geometric operations and constraints that affect the mathematical model and determine the
shape [26].

In computer graphics, objects are primarily represented by polygons, usually in the form
of triangles. The process of dividing a parametric surface representation into polygons that
approximate the shape is called tessellation. Though this representation has its drawbacks, such
as the need for a large number of triangles to approximate curved surfaces, it is the most widely
used method in the industry. The combination with hardware accelerators like GPU enables the
fast rendering of large numbers of triangles in real-time, making it the preferred format for further
use in applications.

CAD models can have a wide range of features. Advanced CAD models may include material
annotations, physical and mechanical properties, geometric constraints, annotations at the part
level, functional annotations, and more. Many of these attributes are assigned during the creation
process and are determined by the intended use. For example, computer games require CAD
models with detailed attributes in order to create realistic renderings and physics simulations. A
CAD model of a car tire, for example, would not only require the material properties of rubber
for rendering, but also a friction coef�cient that can be used by the simulation engine. Robotic
frameworks like Robot Operating System (ROS) [27] commonly accept additional metadata,
such as Universal Robot Description Format (URDF) �les, for CAD models. These �les contain
information on physical properties like mass, inertia tensor, friction coef�cient, stiffness coef-
�cient, dampening coef�cient, joint dynamics, and more [28]. With high-resolution geometry,
high-quality material assets, and metadata about physical properties, CAD models are suitable
for use in large-scale, realistic robot simulations.

In addition to creating and modifying geometry, 3D modeling software enables the assignment
of realistic materials to different parts of an object. These materials are then used by simulation
and rendering software to simulate realistic mechanics and generate photo-realistic renderings,
respectively. The visual appearance of an object can be divided into two categories: changes in
the direction of light and variations in material type. The Bidirectional Re�ectance Distribution
Function (BRDF) material model is able to model a wide range of appearances[29]. Given a
speci�c light and camera con�guration, as well as the parameters of a speci�c material such as
wood, the BRDF model can realistically predict the amount of light that is re�ected from a surface
point. By using texture maps, variations in the surface of the same material, such as a wooden
plank, can be modeled with high precision through the use of normal, roughness, and diffuse
maps (see Figure 2.6). Assigning materials to surfaces or entire objects in the user interface is
simple and ef�cient. This separation of shape and material provides more �exibility and freedom
in the use of CAD models as shown in Figure 2.7.

CAD models are well-suited for use in synthetic simulations, as previously mentioned. To
enhance the generalizability of data-driven models, it is possible to create arbitrary scene setups
with automated, plausible positioning of CAD models. In recent years, indoor scene synthesis has
been proven to be a potential candidate to provide plausible randomized scene compositions for
data-hungry algorithms for scene understanding tasks or autonomous navigation [32, 33]. There
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(a) Sample preview. (b) Diffuse map. (c) Normal map. (d) Roughness map.

Figure 2.6: Texture map samples of a commercially available wooden material [30]. This allow the
evaluation of the BRDF for every point on the surface resulting in a visually appealing
appearance.

(a) Slightly diffuse brown leather. (b) Slightly shiny black leather.
(c) Underlying geometry of the 3D

model.

Figure 2.7: A sample high-quality CAD model of an armchair [31] that contains realistic BRDF materials
and high geometric �delity. CAD models allow easy manipulation of appearance and geometry.

are various methods for implementing scene synthesis, but popular methods include stochastic
grammar models and autoregressive models, as discussed in the survey [34, 35]. Stochastic
grammar models use a set of rules to procedurally generate content, by repeatedly sampling from
a distribution of parameters and attributes until a termination criterion is reached. Autoregressive
methods, on the other hand, use neural networks to iteratively predict the category and pose of
objects in the scene, without relying on strict production rules.

Methods for quickly and automatically generating 3D scenes can signi�cantly improve the
robustness of trained agents when they encounter new environments. For example, building
interiors created by architects or designers can be quickly and easily �lled with furniture for
demonstration purposes. In the context of video games, these methods, which operate directly on
CAD models, can serve as an endless source of randomization, as shown in Figure Figure 2.8.

CAD models have a wide range of qualities, but generally, they are known for their geometric
completeness and high level of accuracy. Today, CAD models are widely available and commonly
used. There are numerous websites that offer a wide variety of publicly accessible 3D models, such
as GrabCADhttps://grabcad.com and CGTraderhttps://cgtrader.com . The
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Figure 2.8: Scene synthesis demonstrations (right) where CAD models are iteratively inserted inside the
partial room (left) [33] © 2019 IEEE

research community released several large-scale CAD model repositories such as ShapeNet [4]
and the ABC dataset [36].

In summary, CAD models and machine learning techniques can be utilized to enhance recon-
struction quality through methods such as post-processing or incorporating CAD information
into the volumetric fusion process.

2.4 CAD Model Alignment

CAD models serve as blueprints for automating and standardizing production in many manufac-
turing processes. For example, a chair in a living room is directly created from a CAD model
template. Instead of using a reconstruction process with high uncertainty to recreate the chair
from observations, which often leads to poor results, it would be better to replace the scanned
object with the actual CAD model. It is understood that CAD models are typically proprietary to
a company and protected by copyright laws. However, for certain tasks, it may not be necessary
to use an exact replica of the original model. In these cases, a visually similar model that is freely
available can be used as a substitute. The process of aligning CAD models involves identifying
objects in a 3D reconstruction and replacing them with the closest matching model within the
same category. This includes determining the necessary adjustments for translation, rotation, and
scale to ensure proper spatial alignment (see Figure 2.9 for illustration).

2.4.1 Handcrafted 3D Feature Descriptors

A popular approach for aligning two shapes is to calculate local feature descriptors across the
surface geometry of the respective shapes and then in a second step match the features and
ultimately estimate a �nal rigid pose. The assumption is that similar local regions of two different
shapes will bear a similar descriptor.

FPFH Rusu et al. [37] proposed a new local feature descriptor from the family of Point Feature
Histograms (PFH) that effectively describes a region spanned by a small radius around a point
where distances between surfaces points, surface normals, and angular variations in normals are
calculated. This step is repeated for neighboring points to construct the �nal feature descriptor.
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(a) Top view of an RGB-D scan. (b) CAD model alignments overlayed onto the scan.

Figure 2.9: The CAD model alignment task aims to spatially align CAD models from a pre-de�ned
input set onto an RGB-D scan. The end result is an object arrangement depicted on the right.
Translation, rotation, and scale components are estimated to determine the �nal poses.

The discriminative power of the descriptor is demonstrated by effectively registering surfaces
from various shapes and scales onto each other.

SHOT Tombari et al. [38] proposed an algorithm that estimates the eigenvalues of the spherical
support of a given radius around a point to increase robustness in the presence of clutter and
noise.

PPF Drost et al. [39, 40] introduce a global model surface descriptor called Point-Pair Features
(PPF) to match against other shapes using a Hough voting scheme. PPF describe the relative posi-
tion and orientation of two surface points in a four-dimensional vector from per-point positional
and normal information. A global model descriptor is calculated by discretizing the distance and
angular values from the PPF and grouping them together into a hash table. The �nal global pose
is estimated by matching similar reference scene surface points to model points and �nding an
optimal local coordinate.

While these techniques work reasonably well for shapes from the same domain, it becomes
challenging for inter-domain shapes because of different geometrical statistics. CAD models
have sharp edges and perfectly �at & complete surfaces whereas 3D scans exhibit over-smoothed
edges, holes, and rugged surfaces. The differences become more evident when comparing the
distribution of surface normals. This leads to large distances in the feature-metric space even
when describing the same semantic point in scan and CAD. The low-level geometrical features
of CAD shapes and scanned shapes vary so much, that handcrafted conventional local feature
descriptors purely based on geometric cues (e.g. normals, curvature, etc.) may not be capable to
bridge the two domains.
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2.4.2 Overview of Shape Alignment Methods

Pre-Scanned 3D Model Alignment The knowledge of existing objects in indoor environ-
ments can help to decrease the solution space for 3D model alignment. In many applications, this
prior knowledge will be leveraged by pre-scanning occurring objects in the scene and thereby
building a bespoke object database. A controlled object database can help to provide exact
matching counterparts for detected object candidates or eliminate the need for scale estimates.

Kim et al. [41] proposed a method to transform point clouds from range scans into a lightweight
high-level object model-based representation. The method works in two stages where in the �rst
stage a primitive-based 3D model from a small number of object scans is learned. Scanned objects
are segmented into parts and for each part, a primitive-based representation (box or cylinder) is
found or �tted by a set of heuristics. Relationships between parts are established through 1-DoF
junction entities (rotation or translation). In the second stage objects in the scene are detected
and matched against the acquired 3D models. Parts of objects are segmented in the point cloud
and then matched against parts of the model through handcrafted geometric 3D features. The
�nal pose is estimated by determining the deformation parameters and the rigid transformation
through Iterative Closest Point (ICP). Since deformation modes are estimated, the method is
capable of aligning models onto articulated objects.

Salas-Moreno et al. [42] aligns high-quality pre-scanned 3D models onto the 3D map of a
Simultaneous Localization and Mapping (SLAM) system in order to perform effective object-
based loop closure and relocalization. They detect known and pre-scanned objects in the scene
and estimate the 6DoF pose through a Hough Voting scheme of correspondences from PPF of
oriented points on the surface of the object similar to the method of Drost et al. [39]. This method
demonstrates bene�cial joint effects when performing object recognition and alignment in the
loop with SLAM.

Zeng et al. [43] developed a learned 3D local feature descriptor to �nd correspondences
between RGB-D depth frames for surface registration. A 3D CNN ingests volumetric patches
around points of interest and outputs feature vectors which are supervised by minimizing thel2
distance for matching patch pairs and maximized for non-matching patch pairs respectively in
a contrastive manner. The training data is extracted from 3D reconstructions where randomly
sampled points are projected into the camera frustum of the corresponding views where positive
patch pairs come from different views of the same underlying point and negative patch pairs
are randomly cropped patches. For �nal surface registration, the Random Sample Consensus
(RANSAC) algorithm is performed to �nd a suitable transformation between two input point
clouds. The authors also demonstrated 6-DoF model alignment capabilities between pre-scanned
object models and partial scans.

CAD Model Alignment In many cases, an external 3D model database exists already and
hence a cumbersome pre-scanning effort is not necessary. A number of researchers have focused
on scenarios where common objects indoors can be matched withsimilar objects from a large-
scale database [44]. Besides the elimination of the cumbersome pre-scanning stage, an existing
3D model database can provide higher quality standards as CAD models usually source from
professional modeling software.
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Nan et al. [45] detect objects in a scanned scene by a search-classify approach where clas-
si�cation and segmentation are done in an alternating fashion. The scene is over-segmented
into patches and the region around a seed point is gradually grown by using the classi�cation
score of its neighboring patches. A randomized decision forest is trained to perform a multi-label
classi�cation on the feature set of partial real-world objects. After this step, several template
3D models belonging to the same class are non-rigidly aligned onto the object point cloud by
minimizing the point-to-template distance in a ICP manner. Finally, the model that has the lowest
distance metric among the candidates is selected. This method showed appealing classi�cation
and 3D model alignment results on several input scans.

Shao et al. [46] interactively segments an input RGB-D frame into semantic regions and then
aligns 3D models from a database into the semantic segments of the frame. A Conditional
Random Field (CRF) solves the ten-class labeling problem through an appearance term that
exploits local color information and a geometry term that exploits local depth information. A
random regression forest uses patches of the segmented and labeled regions of the depth map to
estimate the model index in the database and transformation parameters of a candidate model.
For each patch, a geometrical feature descriptor is calculated which is ingested by the random
regression forest to estimate the �nal class label by averaging over segment patches and trees
in the forest. The �nal 6-DoF transformation is re�ned by �tting the model into the depth map
through a point-to-point distance minimization.

Li et al. [47] presented a real-time system that performed RGB-D reconstruction and simul-
taneous retrieval and alignment of 3D CAD models onto the scan. During reconstruction, the
system detects keypoints in the point cloud and in the 3D model through a Harris corner response
value. A distance value between two keypoints is determined by projecting surface points from
the local neighborhood of the scanned object into the local SDF grid of the model keypoint and
then accumulating up to a �nal value. The assumption is that for a correct match, the occupied
and known free space between the keypoint pair must align well and hence yield a low distance
value. With a 1-Point RANSAC a correspondence set from the keypoint pairs between a candidate
model and the unsegmented scan is iteratively found which determines the rigid transformation.
In a �nal veri�cation step, the transformation among multiple candidate models is picked that
attains the highest surface coverage with the scanned scene.

While sparse correspondences tend to be compact and memory ef�cient, they typically rely
on keypoint detectors to provide candidate points. On the other hand, dense correspondences
provide enough signal for robust alignment, however, require an object mask for pruning. Dense
correspondences provide associations for every point in the source domain to another point in the
target domain. This implies, the number of associations comes in abundance which reduces the
risks of catastrophic mismatches.

2.4.3 ICP

The simple approach for aligning two shapes is the ICP alignment algorithm. The key idea is
that, given two sets of points, e.g. source point cloud and target point cloud, a rigid transforma-
tion from the source to the target can be estimated by iteratively determining correspondences
through the nearest-neighbor distance metric. Upon determination of correspondences, an optimal
closed-form solution for rotation and translation can be calculated. The process is repeated until
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convergence. The main disadvantage of this method is that it is sensitive to initialization and
hence can converge quickly to local minima because the correspondence �nding is purely based
on a geometric heuristic.

Correspondence �nding remains a key challenge in the alignment process. Correspondences
between two shapes can be established in various types (common examples are illustrated in
Figure 2.10). Many handcrafted feature descriptors struggle to handle noisy, incomplete, and
low-resolution real-world data. Discrepancies in the shape geometries can lead to false matches
when selecting feature descriptors by a nearest-neighbor distance. A family of algorithms that
addresses this is RANSAC [48]. This method samples a set of putative keypoint correspondences
and iteratively eliminates false matches through keypoint rejection. After a number of iterations,
a set of hypothetical inliers and outliers can be determined and with a Procrustes-like method a
robust alignment can be estimated in the presence of outliers. However, the disadvantage of this
method is that for reliable estimation a large number of trials are needed and the performance
drastically degrades with a very low inlier ratio.

Assuming a set of already established correspondences between two point cloudsX 2
R3� N ; Y 2 R3� N , then the objective is to �nd a translation and rotation component that
minimizes a rigid alignment problem such as:

f = min
R;t

NX

i

kR(x i + t) � yi k2 (2.2)

whereR 2 SO(3) is the rotation component,t 2 R3 is the translation component,x i 2 X points
of the source andyi 2 Y points of the target. A approach that solves the minimization problem
f optimally is calledProcrustes superimposition algorithmor Kabsch algorithmby applying
following procedure [49]:

1. RecenterX by its centroid:x i  � x i � �x

2. RecenterY by its centroid:yi  � yi � �y

3. Calculate covariance matrix:C = XY T

4. Singular Value Decomposition (SVD) onC as:C = V SWT

5. Calculated = sign(det(C))

6. CalculateR = W � diag(1; 1; d) � V T

7. Calculatet = � �x + �y

This algorithm is often seen at the end of various alignment pipelines because of its com-
pactness and ef�ciency. While this formulation offers many advantages, it dictates the shape
representation to be in point form which narrows down design choices.
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(a) Sparse heatmap-based correspondences with a query
point in red.

(b) Sparse correspondences established with a local feature
descriptor [43] © 2017 IEEE

(c) Dense correspondences (RGB color-coded) cover the
entire object from the source domain (left) and range
between 0 and 1 representing the normalized coordinate
in the target domain (right).

Figure 2.10:Correspondences can assume various types. The choice of the correspondence type will
further narrow down the downstream alignment algorithm. This �gure illustrates three
different types of correspondences, each of which requires distinct optimization strategies.

2.4.4 Shape Retrieval

Shape retrieval plays an important part in the CAD model alignment task. The task requires
the selection of correct candidate CAD models for later pose �tting. The goal is to �nd one or
multiple plausible in-category candidate CAD models for a query object. Retrieval methods face
challenges in inferring strong informational cues from 3D data in the presence of noise, clutter,
and missing data. Depending on the scenario geometry-based properties, perceptual properties,
and semantic cues may be necessary to allow retrieval with a reasonable tolerance in similarity as
illustrated in Figure 2.11.

Since shape similarity has a heavy perceptual factor, it remains dif�cult to get a mathematical
grasp on it. The SHREC challenges [50, 51] tackle the problem by manually pairing RGB-D
objects with CAD models based on category and sub-category annotations. Due to the lack of
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Figure 2.11:This overlay demonstrates the dif�culty of shape retrieval and correspondence �nding. On a
high level, both chairs are very similar to each other. Low-level geometric features differ
drastically, however. For example, to reliably describe the corner in the orange box both
geometricandsemantic features must be considered.

standardized shape similarity metrics, coarse proxies such as in-category matches are used to
bootstrap the formalization of the problem. CAD model retrieval is considered to be correct if
the category and sub-category match with the query scan object. Even though a large variety of
shape descriptors have been developed in the past, the complexity of shapes in real-world objects
remains a challenge.

A popular approach is based on Light Field Descriptors [52], where objects are rendered from
several viewpoints and then Fourier descriptors are calculated on the shape silhouette. This
method works well for shape classi�cation, however, is unable to describe color appearance.
Most hand-crafted shape descriptors fail to assess robustly shape similarities across different
domains. Recently, neural networks trained with 3D data for shape classi�cation tasks have been
used to provide shape descriptors.

Dahnert et al. [53] learned a joint-embedding space with real-world scanned objects and CAD
models with a distance metric indicating the perceptual similarity between a real and synthetic
object (see Figure 2.12). An annotated dataset of 5102 scan-CAD similarity rankings between
scanned objects and CAD models has been established to train a series of stacked hourglass
3D CNN to map object features into a latent embedding space. The network architecture
ingests an occupancy grid of a scanned real-world object and performs a foreground-background
segmentation in the �rst stage where the foreground object is completed into a volumetric grid in
a subsequent step. Lastly, the completed object is encoded by a siamese network into a feature
vector where it is supervised by the features of a positive matching CAD counterpart and a
randomized negative non-matching CAD model in a contrastive manner. The method showed
plausible retrieval results on challenging partial and coarse query scans.
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