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Abstract

3D reconstruction tries to model the environment with the highest accuracy possible. Recent re-
search has shown, that the introduction of class-specific shape priors (e.g. the ground is mostly
flat, while walls are vertical and reach the ground...) can greatly improve the quality of re-
constructions. However, this technique relies on good and efficient semantic segmentation of a
scene. Existing semantic 3D reconstruction methods apply classic 2D image segmentation to
obtain this information. On the contrary, our thesis explores the idea of using point clouds as
inputs and doing the segmentation step directly on them. Point clouds are intrinsically sparse
and therefore not as memory intensive as discretized representations like voxel grids. How-
ever, because of their unstructured nature new challenges arise. Moreover, we implemented a
pipeline that converts the segmentation results into a datacost for a state-of-the-art shape prior
reconstruction algorithm. From our experiments we obtained an overall segmentation accuracy
of 71.4 % on the ScanNet dataset, although important classes like "floor" got predicted more
precisely at 94.4%. This results in 3D reconstructions that more or less correctly represent the

scene, but struggle with fine grained detail in densely packed areas.



Zusammenfassung

Das Ziel der 3D-Rekonstruktion ist die moglichst priazis Darstellung der Umgebung. Erst
kiirzlich hat die Forschung ergeben, dass klassenspezifische Annahmen (z.B. der Boden ist
flach, wihrend Winde vertikal darauf stehen) die Qualitit erheblich verbessern konnen. Diese
Methode beruht jedoch auf einer akkuraten und effizienten semantischen Segmentierung. Be-
stehende semantische 3D-Rekonstruktionsmethoden wenden klassische 2D-Bildsegmentierung
an, um diese Information zu erhalten. Im Gegensatz dazu, versuchen wir in dieser Arbeit
den Segmentierungsschritt direkt auf Point Clouds auszufiihren. Point Clouds kénnen anhand
einer Liste von Koordinaten sehr effizient repréasentiert werden, weshalb sie im Gegensatz zu
Voxelgittern nicht sehr speicherintensiv sind. Wegen ihrer Unstrukturiertheit ergeben sich je-
doch neue Probleme. Zusitzlich haben wir eine Pipeline implementiert, welche die Segmen-
tierungsergebnisse so umwandelt kann, dass sie von einem Rekonstruktionsalgorithmus weiter-
verwendet werden konnen. Dieser optimiert anschliessend sowohl die Geometrie als auch die
Semantik. Unsere Experimente auf dem ScanNet-Datensatz haben eine Genauigkeit von 71,4%
fiir die Segmentierung ergeben. Wichtige Klassen, wie beispielsweise der "Boden" konnten
allerdings zu 94,4% Prozent korrekt erkannt werden. Dadurch war es fiir die Rekonstruktions-
methode moglich, die Szenen mehrheitlich korrekt darzustellen. Nur in sehr dichten Bereichen

mit vielen Objekten kam es zu Komplikationen mit den Details.
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Introduction

Ever since the rise of computer vision, 3D reconstruction has been a core problem. The goal is
to create an as close as possible digital representation of the real world. This is useful for a wide
range of applications. Varying from photo-realistic visual reproduction of cultural heritage to
recently being used even for the authentication of users on mobile devices. The understanding
of the surrounding 3D geometry of an environment is also of high importance for robots, UAVs
like drones or self-driving cars, because they navigate and execute critical decisions based on
the data provided. Thus, having high quality reconstructions at hand is crucial for a reliable

operation.

However, because of the greater availability of 2D sensors like classical cameras, most of
the research focused on multi-view reconstruction. The idea behind is to infer the 3D geometry
of objects from images that are taken in different positions by fusing them together. Despite its
long history in computer vision, many problems remain unsolved with this approach. In partic-
ular, textureless or reflective regions as well as image noise lead to ambiguities and therefore
introduce uncertainty. This lack of information emerges in artefacts on the reconstructed scenes.
For example, flat surfaces like floors have "holes" or furniture is hanging midair instead of be-
ing anchored to the floor. To further improve the results, strong additional priors are needed.

Recent advances in semantic image classification methods led to the development of methods



1. Introduction

that jointly optimize the geometry and the semantics of scenes. This allows to solve problems
like the ones mentioned above. Because of prior knowledge we know that floors need to be
more or less a horizontal plane in space and potentially missing areas can be filled accordingly.
This approach was first introduced in [HZCP17] where they used depth maps together with 2D
semantic segmentation to receive a volumetric semantic reconstruction of scenes with higher
quality. They formulate the task as a variational multi label problem, where each voxel is either
freespace or belongs to one of the semantic classes. Although they obtained impressive results,
their work still relies on hand tuned regularizers that are based solely on the surface normal
directions. Thus, they are overly simplistic and cannot fully capture the complex semantic and
geometric dependencies of our 3D world. The next logical step introduced by [CSO™ 18] was
to learn these regularizers. They propose to express the gradient through a more general matrix,
which enables to model every directional and semantic interaction. Their work will serve as

baseline for our reconstruction approach.

So far, both of these methods require a voxel grid as input. Voxel grids are usually generated
by segmenting multi-view images and fusing them together with the depth maps. This yields
a base volumetric representation of the scenes with segmentation labels assigned to each voxel
[SCD'06]. However, there is a dilemma with voxel grids, as high resolutions result in a very
large memory footprint. This is due to the rasterization of the whole area, even if there is no use-
ful information present (e.g. in the free space area). To tackle this problem, more efficient data
structures like octrees [BVR ' 16] or tetrahedralization [RVB™17] can be used instead of regular
fixed-size voxel grids. Nevertheless, all of these methods still rely on an arbitrary discretization

which leads to a loss of information and thereby limits the possible performance gains.

A more natural representation of 3D environments are point clouds. Point clouds are a set of
data points located in 3D space that resemble objects by covering their surface areas. It is also
the representation that gets produced by most 3D scanners, as it comes closest to their principle
of operation. LIDARs and most other 3D sensors emit rays of light and measure distances for
a large number of points on the external surfaces of surrounding objects. Even smartphones
started to feature depth sensors, thereby sparking more interest for this kind of representation in

recent years.

The reason why people have not worked intensively with point clouds before is mainly due



to their lack of structure. Most of the recent advances in computer vision rely on deep neuronal
architectures, all of which require highly regular input. While images and their 3D counter-
part voxel grids fulfill this requirement, point clouds cannot be used as input directly. With
[QSMG17], the foundation work was laid out on how to handle point clouds in deep neuronal

networks.

Therefore, the idea behind our thesis was to exploit the fact that point clouds are a more
efficient representation of the environment and provide enough information for meaningful se-
mantic segmentation. Receiving this information directly from captured point clouds would al-
low to get rid of the 2D image segmentation that most state-of-the-art reconstruction algorithms
rely on. In this thesis, we propose a pipeline that takes a point cloud as input, processes it with
a PointNet fashioned architecture and encodes the results in a volumetric datacost. Then, our
pipeline feeds this datacost into a reconstruction network like the one proposed by [CSO™18].
That network has learned shape priors for each semantic class during training. Using these
priors, it is able to infer a good 3D reconstruction of the original point cloud by combining
the geometric as well as the semantic information from the first network. In contrast to most
current 3D reconstruction approaches, our pipeline solely relies on a captured rgb-colored point
cloud and doesn’t require a valid semantic segmentation of the scene, that gets mostly extracted

through 2D image segmentation.

Thesis Organization

This thesis is structured into a total of 5 chapters, including this introduction. In Chapter 2,
we examine existing work related to semantic segmentation and 3D reconstruction. In Chapter
3, we describe the theory and implementation details of our segmentation and reconstruction
methods and proceed with explaining our pipeline that connects them together. In Chapter 4,
we present the results from our experiments and discuss them. In the 5th and last chapter we

conclude our findings and provide an outlook on future work.



Related Work

This thesis has been inspired by several other papers in the field of both semantic segmentation
as well as 3D reconstruction. Both fields have been thoroughly studied, so a lot of concepts are
reused and combined in order to explore a novel approach. In the following two sections, the

most relevant papers for this thesis are briefly described.

2.1. Semantic Segmentation

Semantic segmentation is seen as one of the key problems of computer vision because of its wide
range of application. Besides its huge role in medical imaging, it is also used for autonomous

driving and virtual reality systems to name a few.

Before the introduction of deep learning, most methods included some kind of feature ex-
traction. The simplest image segmentation method is thresholding. Values above and below
a specific clip-level are mapped correspondingly to 1 and O, which results in a binary image.
More sophisticated classical image segmentation approaches rely on clustering methods or re-
gion extraction [FM81]. Nowadays nearly every approach is based on certain deep neuronal net-

works because of their superior performance. Examples are GoogLeNet [SLI*15] or AlexNet
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[KSH12], which was the pioneering deep convolutional neuronal network (CNN) for semantic

2D image segmentation [GGOEO™ 17].

Since we live in a 3D world, most applications include some kind of 3D segmentation tasks.
Therefore, many different approaches have been studied for the segmentation of 3D space. In
[WSKT15] the authors explore 3D deep believe networks that use voxel grids as input. Al-
though it seems reasonable to consume a 3D representation when trying to segment 3D space,
this method is only feasible for very small voxel grids due to performance issues. Other papers
like [SMKILM15] tried to solve this issue by recognizing 3D shapes through their 2D views.
A 2D view is just an image of the scene from a specific viewpoint. Multiple segmented 1m-
ages from different viewpoints can be fused together by multi-view CNNs in order to receive
a semantic 3D segmentation. Intuitively volumetric representations feature more information,
thus volumentric CNNs should outperform multi-view CNN approaches, which have to make
decisions from 2D data. However, the contrary is the case. Given the fact that 2D image sensors

are more widely available, multi-view segmentation was state-of-the art for a long time.

The primary geometric representation captured by 3D scanners, as mentioned in the intro-
duction, are point clouds. Consequently, the input needs to be converted into multi-view images
or voxel grids, before the mentioned methods can be applied. As 3D scanners get more common
and start to appear in consumer hardware, it would be favorable to work directly with a more
natural and efficient representation such as point clouds. The main drawback of point clouds
is their absence of structure, hence classical convolutional architectures don’t work for them,
as they require highly regular input formats. Pioneering work on how to handle point clouds
was done in PointNet [QSMG17]. In this paper the authors propose to achieve input order in-
variance by the use of symmetric functions over the inputs. Building up on that idea, a more
sophisticated version named PointNet++ [QYSG17] was published that takes spatial localities
into account, which yields slightly better results. In PointCNN [LBSC18] they introduce a dif-
ferent approach for working with point clouds, namely using X-Convolutions in the local feature

extraction stage, instead of being max-pooling based like PointNet.

To conclude, each method has its own advantages and limitations. Because multi-view CNNs
work so well, most 3D reconstruction algorithms utilize it for obtaining semantic information.
One goal of this thesis is to get rid of this semantic image segmentation and process a 3D data

format, namely point clouds, instead.
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2.2. 3D Reconstruction

The completion of 3D shapes has a long history in geometry processing and is one of the
core interests of Computer Vision. Related work on this topic either focuses on the aspect of
receiving high quality reconstruction regardless of run times or has been devoted to achieving

real-time performance.

At the heart of many classical reconstruction algorithms lies the concept of inferring 3D
geometry from a collection of images. This so called multi-view reconstruction attracted a lot
of research interest because 2D sensors were widely available. It works by tracking features
like edges or corners throughout multiple images, which were taken from different viewpoints.
This makes it possible to approximate their positions in space, which can be subsequently used
to reconstruct the scene. The vast majority of multi-view 3D reconstruction algorithms rely
on photo-consistency measures [KSOO] to find correlations between frames. Over time, many
sophisticated photo-consistency metrics have been devised, although in transparent or low tex-
tured areas they all fail. To compensate for this lack of accurate information additional priors

are required, such that the precise geometry can be recovered.

To fix this issue, many techniques started to utilize total variation (TV) as regularizer. The
TV-norm seeks to reduce the surface area of 3D shapes [KKBCO09], however this often leads
to overly smooth reconstructions. In [HZCP17] they introduce semantic segmentation as an
additional metric, which can be used besides photo-consistency. Indeed they showed that the
semantic segmentation of a scene has the potential to vastly improve the reconstruction results,

by jointly optimizing the geometry and semantics.

Deep learning methods have recently allowed to infer such shape priors directly from data,
instead of manually crafting them as in [HZCP17]. However, a drawback is the excessive
amount of parameters involved in such approaches, due to being based on generic convolution
neuronal network architectures. As a consequence, enormous amounts of training data are

required for obtaining satisfying results [DRB*17].

The work done in Learning Priors for Semantic 3D Reconstruction [CSO™ 18] was very im-
portant for this thesis as it tries to tackle the problems of generic CNN approaches. The idea of

the paper is to embed variational regularization into a neuronal network. In contrast to previ-
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ously mentioned methods, they incorporate structural constraints via unrolled variational infer-
ence. This limits the amount of parameters and therefore makes the approach lightweight. It is
also end-to-end trainable, hence it is able to capture more complex dependencies which results
in visually more appealing reconstructions. Furthermore, it is magnitudes faster than previous
methods and therefore a first step in the direction to close the gap to real-time reconstruction

algorithms.

One approach that focused on real-time performance is KinectFusion [NIH*11]. They were
able to achieve real-time performance by fusing all of the depth data streamed from a Kinect
sensor into a single global implicit surface model. In the last years research has increased
considerably in this area, as real-time performance is crucial for a lot of applications such as

AR, self driving cars and a variety of other uses.



Method

This chapter presents the theoretical foundation and methodological approach employed through-
out this thesis. Section 3.1 introduces the theory behind PointNet and also provides an insight
into our own implementation of the PointNet approach. The network for learning shape priors
and further implementation details are elaborated in Section 3.2 . Finally, a thorough outline
on the proposed pipeline for connecting the two parts is provided in Section 3.3 . This leads
to a method that is able to infer 3D reconstructions from incomplete point clouds. To fully

understand this chapter, basic knowledge of neuronal networks and deep learning is required.

3.1. PointNet

PointNet is a deep learning architecture that is capable of reasoning about 3D geometries di-
rectly from point clouds. It either predicts a class label for a point cloud as a whole or through
a small extension for each single point. This can be used for object classification, part segmen-

tation or semantic scene parsing, which is the application we are interested in.
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3.1.1. Theory

Intuitively the high level idea behind the PointNet architecture is that it learns to summarize a
shape by a spare set of key points. In figure 3.1 one can see that the key points resemble the
skeleton of an object and therefore serves as an abstraction. This allows the network to draw

conclusions for completely new point clouds, which feature similar key points.
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Figure 3.1.: Visualization of key points [QSMG17]

The PointNet architecture is surprisingly straight forward as in the inital stages each point is
processed identically and independently. The key concept in the approach is the introduction
of a single symmetric function for achieving input order invariance. This is essential, because
we always want to receive the same result, no matter in which order we input the points of our

point cloud. Mathematically this can be expressed as:
flx1, ... xy) =~ g(h(xy), ..., h(zy,)) (3.1)

where h: RN — RE
f:QRN—HR

g: R x ... xR" — Ris asymmetric function

v~
n

The idea is to approximate a general function f on a point set by applying a symmetric
function g on elements, which got transformed by h beforehand. Translated to the actual imple-
mentation within a network, h gets approximated through a multi-layer perceptron net (MLP)
and g by a composition of a single variable function and a max-pooling layer as visualized in

Figure 3.2.
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. max
Points - # sooling Global feature
X1, X2 oo Xp h(x1), h(xz) ... h(xn) g(h(x1), h(xz) ... h(xn)) fxr,xz o xn})

Figure 3.2.: Visualization of the PointNet function

In other words, this means that the network learns criterias for selecting interesting and
informative points and also encodes the reason for choosing them. The max-pooling layer
yields a global feature vector that would need to be further processed by fully connected layers
for receiving a classification score. This can be seen in Figure 3.3 which shows the complete
PointNet architecture. However, as we are only interested in semantic segmentation, we focus

on how the network can be extended to handle this very similar task.

For semantic point segmentation, not only local information but also the combination with
global knowledge is essential. This is because we have to predict a label for each single point
of the input, instead of a global prediction that can be assigned to the whole point cloud, as
in object classification tasks. Without additional knowledge of the surrounding points, it is
impossible to provide accurate predictions, as they are more or less all the same. In PointNet
they achived this in a simple yet highly effective manner. Instead of generating a score from
the global feature vector they concatenate it with each point after the pre-processing stage,
which we will describe in more detail shortly. Through the concatenation the global context got
encoded into each single point. Afterwards they extract new per point features, which are this
time aware of both the local and global information. With this extension, illustrated in Figure
3.3 (Segmentation Network), we are able to predict per point characteristics that rely on local

geometry and global semantics.

Concerning the pre-processing, we expect the semantic labeling of a point cloud to be invari-
ant, even if the cloud undergoes certain geometric transformations like translation, rotation or
scaling. A straight forward solution would be to align all the inputs to a canonical space before
extracting features. However, in [QSMG17] they propose a much simpler idea that has a similar

outcome, namely T-Nets. The idea behind T-Nets is to predict an affine transformation matrix

10
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Classification Network

input mlp (64,64) feature mlp (64,128,1024)
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................................................. g
mlp (512,256,128) mlp (128,m)

Segmentation Network

Figure 3.3.: PointNet architecture [QSMG17]

that can be directly applied to the coordinates of the input. This yields a representation that
is invariant to the previously mentioned rigid transformations. However, our experiments have
shown that these T-Nets are only suited for object classification tasks. In segmentation tasks we
have to deal with point clouds that consist of multiple objects, thus making it more difficult for

a T-Net to find a canonical pose.

3.1.2. Implementation

Our implementation of a point cloud segmentation network is closely related to the architecture
proposed in PointNet [QSMG17]. In the following section we will outline the most important
differences between our approach and the vanilla PointNet architecture. At the end of this
section you can find an illustration of our network in Figure 3.5 together with some additional

information.

e In PointNet each point is represented by a 9 dimensional vector. Beside XY Z and RG B,
they also provide the normalized location relative to the room. We only use a colored

point cloud as input, therefore each point is represented by only 6 values.

e We assign each point to one of 21 semantic classes (NYU labels) that are listed in the
Appendix A.1. The authors of PointNet used only 13 classes for their experiments, which

should be taken into account when comparing the performance.

e Instead of extracting 1m? blocks from the scenes like in the original paper, we use a

11
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block size of 1.5m x 1.5m x 3m that spans from the floor to the ceiling of the scene. This

increase helps in capturing a more expressive global feature vector.

e Furthermore we are not using a T-Net as described in section 3.1.1, since they are not
able to come up with a canonical pose for point clouds that consist of multiple objects.

Instead, we randomly rotate the blocks before we feed them into the network.

The most important addition, that made the results usable, was the introduction of a weighted
loss. For the evaluation of PointNet for semantic segmentation the authors used the Standford
Indoor Dataset [ASZS17]. It turned out to be quite uniform regarding the presence of semantic
classes as it includes just office scenes. In contrast the ScanNet dataset [DCS*17], which we
use for this thesis covers a very broad area, ranging from gyms over bathrooms and apartments
to classrooms. Additionally, the ScanNet dataset has huge differences in number of points per
class within a scene, which implies that not every class is present in each scan. Therefore using
the original loss function resulted in really bad segmentations as visualized in Figure 3.4 when

trained on the whole dataset.

Groundtruth Segmentation

Figure 3.4.: Visualization of segmentation results with old loss function

It turned out to primarily predict either wall or floor, as these two semantic classes are present
throughout all scenes. Interestingly even these two classes got mixed up a lot. Although this was
improved with the new loss function, the fact that the network struggled learning the orientation
of classes so heavily, inspired another idea. Instead of feeding randomly rotated blocks during
training, we started to limit the rotations to be around the z-axis only. For our dataset this

limitation makes sense, as the orientation of entities can only vary along the z-axis throughout

12
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different scenes. In Chapter 4 we discuss more about the huge impact this small adoption had
on our segmentation performance. In the end, the new weighted cross entropy loss can be

expressed through:

21

L= Z We * Yo - 10g(Pyre) Where

c=1
21

w, denotes the weight for class ¢ and Z w, =1

c=1

Yz € {0, 1} binary indicator if ¢ is the correct predicted class for point x

Dx, probability of x being predicted to be class ¢

In Figure 3.5 you can see our network architecture. As we work on colored point clouds our
input consists of 6 values for each point. Besides the geometric coordinates (z, y, z), there are
three additional fields containing the rgb-color value. After they passing through 5 convolu-
tional layers the values get saved, such that they can be later concatenated to the global feature
vector. As described in Figure 3.2 the max-pool layer corresponds to the symmetric function
h in Equation 3.1. After concatenation we apply two more convolution. During training, an
additional drop-out layer is active with a probability of 0.7 to fight over-fitting. In a final step
we convolve everything to the amount of semantic classes, in order to receive a probability for
each class. One limitation of using fully connected layers is their obligation for a fixed input
size. For our experiments we fed 32 batches of 8192 points per epoch during training. Because

we use 21 semantic classes the last convolutional layer matches this number in size, as visible

in Figure 3.5. More information about the experiments can be found in Chapter 4.

Global feature

Max
Pool
M 2D Convolution Layer
Figure 3.5.: Model of our segmentation network

B Fully connected Layer concat to global feature
Numbers indicate layer size

13
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3.2. Learned Priors for Semantic 3D Reconstruction

Objects are very hard to reconstruct when the data is inaccurate or tenuous. This is predom-
inantly caused by reflections, transparency or lack of texture. A possible solution is to infer
the missing geometry from other objects of the same class, as they have similar shapes. Early
approaches manually expressed such shape priors through Wulff shapes, though recently efforts
were made to learn them directly from data. We relied on the work done by [CSO™ 18] since

their method enables good results, while keeping the amount of parameters low.

3.2.1. Theory

The traditional variational approach minimized the following energy function to obtain the best

labeling u for each point in space.

MM . + d bjectto Vz € (): =1 3.2
mzmumzze/g( ¢z (1) \fl ) dx subjectto Vzx ZW(JJ) (3.2)

regularization  data fidelity £

The regularization term is in charge of dealing with noise and missing data. Without one the
solution would have a lot of incomplete areas and would not be smooth. There are various hand-
crafted regularizers available, from total variation (TV) as the simplest to more sophisticated
ones, that can be expressed through Wulff shapes. Total variation ¢,(u) = Ag(x)||Vu(x)||
corresponds to just minimizing the surface area of a 3D object. The smoothness cost ¢, (u) for

a gradient direction Vu(z) can be visualized by a unit circle as in Figure 3.6(a).

-~ -~
Vu Vu
(a) TV-Norm (b) Wulft-Shape

Figure 3.6.: Possible regularizers
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3.2. Learned Priors for Semantic 3D Reconstruction

To encode more complex shape priors Wulff shapes can be used. Figure 3.6(b) shows the
smoothness cost of a Wulff shape ¢, (u) = Amaxeew, (§, Vu). The biggest advantage of the
introduced regularizers is their characteristic of being convex. Therefore it is possible to ef-
ficiently compute a global minimizer to the previously stated energy minimization problem
3.2. However this useful property also limits them in their expressiveness. Hence they are not
powerful enough to correctly represent the true statistics of the underlying problem [KKHP17]
In [CSO™18] it is proposed to express the gradient operator through a more general matrix
W to overcome the limitations of hand-crafted regularizers. For W they choose to use a 6-
dimensional matrix such that every directional and semantic interaction in 3D can be modeled.

Mathematically this can be expressed as:
bo(u) = [[Wully with W g R IehxIeha (3.3)

2 x 2 x 2 models forward-backward differences for computing the gradients
| £ | x | £ | models interaction between any combination of semantic label
3 models the spatial dimensions

Because W 1s now directly represented, fewer parameters than with Wulff shapes are required.
This leads to significantly less memory usage as they showed in their paper [CSO'18]. From

3.3 follows the new energy minimization problem 3.4.
m’immize/(HWqu + fu) dz  subjectto Vz € Q: Z?M(l‘) =1 (3.4)

In their work they used a first-order primal-dual (PD) algorithm [18] to find a minimum to the
above problem. However, this requires to reformulate 3.4 into a saddle point problem. More
information on how to accomplish this can be found directly in their paper [CSO*18]. After

all, they obtained 4 update equations, which can be applied iteratively to approach the solution.

3.2.2. Implementation

The network architecture consists of 3 stages, namely an encoder, the optimization component
and a decoder at the end. Furthermore, the whole network consists of 3 levels, with each one

reasoning at a different scale, particular at full, half and quarter resolutions. In other words,
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3. Method

the third layer works on 4 x 4 x 4 voxel blocks and passes the more coarse grained knowl-
edge onto the second layer. This one works on 2 x 2 x 2 blocks and can therefore further
refine the information before it gets passed to the full resolution level. This arrangement helps
to model semantic interactions in a more global context, which reflects on the reconstruction
performance. Additionally, it allows information to propagate faster which leads to faster con-
vergence. An illustration of the just described general network architecture can be found in
Figure 3.7. Throughout the following paragraphs we provide additional insights into each of

the three stages.

The encoding stage (yellow in Figure 3.7) works directly on the input datacost and serves
several purposes. The previously described multi scale architecture relies on down sampled
inputs. By using separate encoders for each level of the network, this automatically happens
through average pooling. Furthermore, the encoding process reduces low level noise and nor-

malizes the influence of different semantic classes with respect to each other.

o owm 0 ”A‘ W ,; u;,’
Input 3x Qdnv & | | P (R ~ (R0 - 3x Conv. G Output

Skip wo H N L sk |
Avg Poollng
1

T s
PEREP /././ /

Full
3

Half

Quarter

IC
S

Encoder Unrolled Multi-Grid Primal Dual Decoder

Figure 3.7.: Reconstruction network architecture [CSO™ 18]

The most important component is the optimization stage. As described in Section 3.2.1, the
energy minimization problem 3.4 can be approximated through primal-dual processing steps.
This comes in handy because the iterations of the primal-dual algorithm can be unrolled for
a fixed number of steps. Compared to using a classical 3D convolutional neural network this
approach is more efficient, because weight sharing allows for fewer parameters. In our imple-
mentation we unroll the primal-dual for 50 iterations. In Figure 3.7, each iteration is represented
through a blue circle with the iteration number as subscript. The unrolling is done for each scale
level separately. Because higher levels rely on information from lower scale levels we obtain
a cascading information flow, where dual-primal updates on the same layer are processed con-

currently.
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3.3. Proposed Pipeline

As a last step the solution from the final dual primal iteration gets fed into the decoding
stage. Similar to the encoding stage it consists of ReLu activated convolutions. Their purpose is
to smooth and increase contrast, allowing the final softmax activated convolution to make more

accurate decisions.

Additionally, we had to incorporate a weight factor similar to Section 3.1.2 into the cross

entropy loss in order to avoid predicting mainly freespace.

3.3. Proposed Pipeline

To connect the semantic segmentation with the reconstruction approach mentioned above, we
propose a pipeline as illustrated in Figure 3.8. In the following subsections we provide addi-

tional implementation details on parts of the pipeline that have not been described in Section

3.1 or 3.2 yet.
[}
N o
° ° . e o o 0.0
. ° ' Segmentation q o o oo
. Network o ve
. [ ] [}
Point cloud Segmented e
point cloud oo
Datacost Voxelization

Reconstruction

Network

Result

Figure 3.8.: Proposed Pipeline
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3. Method

3.3.1. Voxelization

After receiving a semantic labeled point cloud by a previously trained segmentation network
we need to create an informative datacost out of it. This datacost can be used to train our
reconstruction network as well as for the evaluation of new scenes. Because the reconstruction
approach we use only works on voxelgrids, the first step consists in converting the segmented
point cloud into one. This is done by rasterizing the whole scene with a resolution of 5¢m. In the
next step each voxel gets assigned an array containing 23 values. The first 21 values represent
the probabilities of the possible classes we predict in the segmentation step. As point clouds are
sparse not every voxel contains a point, therefore the 22nd entry is set to 1 if the voxel belongs
to the new class "freespace". In the last entry we encode the amount of points that lie within a
voxel. This allows us to express "density" in our datacost. To keep the density value in the same
range as the other 22 entries we normalize it to [0, 1] by dividing through the maximal amount

of points inside a single voxel. Figure 3.9 shows a visualization of the voxelgrid.

For each voxel: Normalized amount

of points inside voxel

Class 2 Class n Freespace f'&

Class 1

02] 04 0.1 0 0.8
\ JW./
~
Probabilities calculated from the If voxel is empty
predicted class labels within each voxel this is set to 1.

Figure 3.9.: Voxelgrid from segmented point cloud

3.3.2. Generation of datacost

To generate our final datacost, we apply a small CNN on the previousy created voxelgrid. The

main purpose of this CNN is to reduce the dimensions from W x H x Dx23 to W x H x D x22

and to combine semantic information from nearby voxels. We do this by applying 3D-convolutions,

such that the 23 channel values get compressed into 22 at the end. In particular it consists of
a tanh activated point-wise 3D convolution followed by two additional tanh activated 3D con-

volutions that operate on 3x3x3 and 6x6x6 blocks respectively. The last step is again a tanh
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3.3. Proposed Pipeline

point-wise convolution that compresses everything back to 22 channels. Figure 3.10 illustrates
the just described model. The final datacost is then written to disk as a numpy array for further

processing in the reconstruction step.

Figure 3.10.: Visualization of intermediate CNN

We have also experimented with solely a single point-wise convolution as well as more
complex models, however the impact of such were neglectable. The above model is a good
balance of both worlds, as it is simple, yet able to yield better results than a sole point-wise

convolution.

3.3.3. Extracting mesh

The reconstruction network yields a voxel grid as output where each voxel belongs to one class.
To receive a surface mesh we replace the value of all voxels that got classified as freespace with
0 and everything else with 1. We use "Lewiner marching cubes" algorithm [LLVTO3] to find

surfaces within our predicted voxelgrid, such that we receive our final mesh.
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Experiments

In this chapter we initially provide some information about the data we used for our experi-
ments, as well as other experiment setup details. In the subsequent sections we discuss our

results.

4.1. Dataset

We use ScanNet [DCS*17] as dataset. It provides annotated RGB-D scans of various real
world indoor environments. The whole dataset features 2.5M RGB-D images that got acquired
from 1513 scans. Each scan also includes estimated camera parameters and is annotated with

semantic classes, which we used for our experiments.

Performance in early tests of PointNet on the ScanNet dataset differed considerably, depend-
ing on the amount and types of scene we used. With the vanilla PoinNet implementation as in
[QSMG17], satisfying results were only achievable when using very similar scenes like apart-
ments. Therefore, we decided to create 5 different subsets of ScanNet, each containing more

scenes than the previous one. The composition of the subsets can be found in Table 4.1.
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4.1. Dataset

Set  Categories of scans Total Number
Set 0 Apartments 40 scenes

Set 1 Apartments + Living room/Lounge 264 scenes
Set2  Apartments + Living room/Lounge + Bedroom/Hotel 537 scenes

Set 3 Apartments + Living room/Lounge + Bedroom/Hotel + Office 710 scenes
full  all 1513 scenes

Table 4.1.: Overview of ScanNet subsets

4.1.1. Preprocessing for segmentation

For the training of our PointNet adoption we only need the colored point cloud with the corre-
sponding semantic labels for each point. ScanNet provides us the colored point cloud as .ply
file and also two .json files from which the labels of each point can be inferred.

To save on computation we extract the needed information beforehand and saved it to disk,
such that we can use it directly for training and testing. We do this by loading and extracting
all the needed information for the scenes belonging to one of the above listed sets. Afterwards
we randomly shuffle the scenes and create a training split containing 80% of the scenes as well
as a test split containing the remaining 20%. These splits are saved to disk and reused for all
the following experiments. Table 4.2 summarizes the amount of scenes, available in each split.
Furthermore the label distribution for each class for the train splits is visualized in Figure 4.1.
A similar graph for the test splits can be found in Figure A.1. The Appendix also includes Table

A.1 which lists the corresponding semantic class for each label id.

Set  Number of training scenes Number of testing scenes

Set 0 33 7

Set 1 212 52
Set 2 430 107
Set 3 569 141
full 1211 302

Table 4.2.: Summary of train and test splits
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4. Experiments
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Figure 4.1.: Label distribution for train splits

4.1.2. Preprocessing for reconstruction

To generate the groundtruth voxel grid for training the network proposed in [CSO™ 18] we fol-
low the same steps as them. This includes re-integrating the provided depth maps and semantic
segmentation using TSDF fusion [HZC*13] based on the provided camera poses to get a data-
cost with very strong evidence. With the use of multi-label TV-L1 optimization on that datacost
with W = V we finally receive our groundtruth voxel grid for training. Since our final segmen-
tation network was able to achive similar accuracy scores to the previously tested subsets, we
just use the full dataset for the reconstruction experiments. In order not to bias the results, we
can only segment the 302 testing scenes and convert them into datacosts. As before with seg-
mentation, we use 80% of the scenes for training and 20% for evaluation. This is summarized

in Table 4.3:

Set Number of training scenes Number of testing scenes

full 242 60

Table 4.3.: Train and test split for reconstruction
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4.2. Computing Environment

4.2. Computing Environment

We used Python 3.6 and Tensorflow 1.11 for the implementation of our PointNet adoption as
well as for the reconstruction part. Other libraries that were intensely used are PyntCloud,

Numpy and Pandas. The code of this project can partly be found on GitHub!.
The training as well as the execution of the experiments were done on a workstation provided

by ETH Zurich with the following hardware details:

CPU: Intel Xeon CPU E5-1650 v3 @ 3.5 GHz
Memory: 64 GB
GPU: Nvidia GTX TITAN X with 12GB memory

4.3. Results and Discussion

In this section we will present the results from the experiments as well as discuss them. We
start with the segmentation results in Section 4.3.1 and continue with the reconstruction results

in Section 4.3.2.

4.3.1. Segmentation results

0.660
[ 8.00 |
0.620
0.580 6.00
; .
0.540 ,j 400
0.500
¢ 2.00 | P AR AR A s
0.460 ,
0.420 0.00
0.000 30.00k 60.00k 90.00k 120.0k 0.000 30.00k 60.00k 90.00k 120.0k
(a) Accuracy (b) Loss

Figure 4.2.: Accuracy and loss during training with random rotations
orange: train split, blue: test split

'https://github.com/michaelseeber
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4. Experiments

The initial experiments were carried out with our PointNet adoption as described in 3.1.2,
with randomly rotating the extracted blocks before feeding them into the network. Figure 4.2
shows the convergence of the accuracy as well as the loss for the full dataset during training.
The approximately 60k steps required for convergence corresponded to around 24h of training

on the setup mentioned in 4.2.

For each subset we trained the model until convergence and subsequently evaluated the cor-
responding testing split. The values in Table 4.4 were obtained by evaluating each scene as a
whole, in contrast to testing single blocks, as we did during training. Furthermore, each scene

was weighted equally for the average.

igh 1 A 1
Sets Accuracy Weighted class verage class

accuracy accuracy
Set 0 50.7 45.9 14.9
Set 1 59.7 45.3 11.1
Set 2 56.0 45.8 11.5
Set 3 56.5 47.9 11.1
full 53.0 42.9 9.9

Table 4.4.: Results for segmentation of whole scenes with random block rotations

Figure 4.3 visualizes the per class accuracy for the full dataset as well as the amount of test

scenes which include the label. Similar graphs for the other subsets can be found in Figure A.2.
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Figure 4.3.: Per class accuracy for full dataset with random rotations
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4.3. Results and Discussion

In contrast to our early tests, we were able to achieve comparable performance between the
subsets in the end. This is largely due to the new weighted loss function as well as the bigger

block size. Hence, all the following experiments were carried out only on the full dataset.

As described in Section 3.1.2 we continued our experiments with limiting the random rota-
tions of the blocks to be only around the z-axis, as this captures every meaningful transformation
for our data. That small change boosted the accuracy score by more than 20% when we evalu-

ated our model on the whole scenes, as visible in Table 4.5.

Weighted class Average class
Sets Accuracy & g
accuracy accuracy

full 71.4 58.8 16.1

Table 4.5.: Results with limited rotations on blocks

Like before, Figure 4.4 shows the accuracy and the loss during training for both splits. Also

with this modification the network converges after 60k steps which equals again roughly 24h of

training.
0.820
10.0
0.780
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0.740 :
0.700 J 6.00
0.660 / 4.00
0.620 2.00
0.580 0.00
0.000 20.00k 40.00k 60.00k 80.00k 100.0k 0.000 20.00k 40.00k 60.00k 80.00k 100.0k
(a) Accuracy (b) Loss

Figure 4.4.: Accuracy and loss during training with limited rotations
orange: train split, blue: test split

As before, Figure 4.5 visualizes the accuracy for each single class. This time "floor" stands
out as not only being the most prominent class, but also having an accuracy of 94.4%. Addi-
tionally, both "wall" and "bed" burst through the 70% per class accuracy barrier. In comparison

to Figure 4.3 the general distribution on the labels is still similar.
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Figure 4.5.: Per class accuracy for full dataset with rotations only around z-axis

After inspecting the visualization of various scenes with very high and low accuracy scores
we came to the conclusion that our segmentation network is doing really well on smaller scenes
that contain few labels. In Figure 4.6 a very good segmentation example can be found. Although
this meeting room scene contains many chairs in direct vicinity, our segmentation network is
able to correctly predict the class for nearly every point. We assume this is due to the low
amount of semantic classes present in the scene as well as the frequent appearance of chairs and

tables throughout the ScanNet dataset.

(a) Groundtruth (b) Prediction

(c¢) Groundtruth (d) Prediction

Figure 4.6.: Segmentation example with high accuracy
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4.3. Results and Discussion

In more complex scene the overall semantic segmentation is satisfying, though lacking ac-
curacy in densely backed areas. One such example is the apartment in Figure 4.7, where the

representation of the kitchen area in the upper right is messed up.

(a) Groundtruth (b) Prediction

Figure 4.7.: Segmentation of more complex apartment scene

During our inspections, we also came across very interesting examples like the one in Figure
4.8. The groundtruth wrongly suggests that there is only one chair in the scene. Additionally
also the big quadratic table is labeled as "ununnotated". In contrast, our segmentation is not
only classifying wall and floor correctly, but also recognizes the other chairs. For the table our
network predicts both "table" and "desk", which is a very subtle difference. Presumably the
shape priors for these two categories should be very similar, so this is more an issue with the

NYU labels than with the segmentation.

Groundtruth Our segmentation

. unannotated floor chair desk . table

Figure 4.8.: Our segmentation on the right is more accurate than what the GT suggests
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4. Experiments

4.3.2. Reconstruction results

We trained several different models for the reconstruction and also tested many different archi-
tectures for the intermediate CNN, which creates the datacost for the reconstruction algorithm
[CSO™"18]. During our experiments, we noticed that there is trade off between the actual ac-
curacy numbers and visually pleasing reconstructions. Models with lower occupied accuracy
and higher freespace accuracy resulted in cleaner reconstructions while models with balanced
accuracies tend to look overly smooth. Our final reconstruction network with the visually most

pleasing results yielded the numbers shown in Table 4.6.

Accuracy Freespace accuracy Occupied accuracy Semantic accuracy

65.2 % 84.4% 64.1% 44.4%

Table 4.6.: Results of the model with best looking reconstructions

Figure 4.9 visualizes the reconstruction of the relatively complex apartment scene. The pre-
diction is able to represent the underlying geometry in an acceptable manner and even surpasses
the groundtruth with its floor reconstruction. Although the segmentation struggled in the kitchen

area, the reconstruction network still managed to come up with a reasonable prediction.

(a) Groundtruth (b) Prediction (c) Detail view of kitchen

Figure 4.9.: Reconstruction of apartment scene
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4.3. Results and Discussion

A more drastically example of superior floor reconstruction is visible in Figure 4.10. While

the groundtruth resembles more or less the floor from the original scan, our prediction yields a

completely closed surface, that is representing the reality more accurately.

(b) Prediction (c) Original scan

(a) Groundtruth
Figure 4.10.: Example of superior floor reconstruction

Figure 4.11 shows the reconstruction of the meeting room scene. Although the chairs are
overly smooth, the general geometry is very well visible. Moreover, it correctly inferred the

free space between the chairs and the table, indicating once again that the network was able to

learn reasonable shape priors.

(b) Detail view of chairs and table

(a) Top view

Figure 4.11.: Reconstruction of meeting room scene



4. Experiments

As discussed in Section 4.3.1 we obtain inferior segmentation results with completely ran-
dom block rotations. Furthermore, we also expected a high correlation between reconstruction
performance and segmentation accuracy. To verify our assumption, we trained the same net-
work with the "bad" semantic segmentations from Table 4.4. After convergence of the network,

we obtained the values shown in Table 4.7 during evaluation.

Accuracy Freespace accuracy Occupied accuracy Semantic accuracy

67.1% 87.7% 54.8% 38.7%

Table 4.7.: Results when trained and evaluated on "bad" segmentations

To our surprise the impact on the reconstruction results was lower than anticipated. As
illustrated in Figure 4.12, the overall and freespace accuracy are even higher, while the occupied
and semantic accuracies lack behind. This implies, that a model trained on "bad" semantic
segmentations tends to predict freespace, because this is the predominant class throughout the
ScanNet dataset. As a result, the reconstructions look more sparse and incomplete. However,
when taking into account that the semantic segmentation accuracy differed by nearly 20%, these
results are more than satisfying. Furthermore this proves, that our intermediate CNN is really
successful at integrating the information from the segmentation into a meaningful datacost for

the reconstruction algorithm.
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Figure 4.12.: Impact of segmentation accuracy on reconstruction
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4.3. Results and Discussion

We also tested how well a model, which was trained on good semantic segmentations, can
cope with inputs of worse quality. Therefore, we fed the "bad" segmentations (Table 4.4) into
our best model, which yielded the numbers from Table 4.6. The obtained results are visualized

in Figure 4.13.
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Figure 4.13.: Ability of our best model to deal with bad segmentations

While the semantic accuracy is lacking behind, the other metrics only differ by a very small
margin. This further strengthens our conclusion that the intermediate CNN is able to abstract
the essential information form the voxelgrids very well. Furthermore, it is also able to to correct

segmentation errors, by combining the information from adjacent voxels in a sensible way.
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Conclusion and Outlook

In this thesis we implemented a point cloud segmentation network that is able to correctly infer
the semantic class for most of the points. Especially important classes like floor or wall stand
out with high accuracy scores. The good segmentation results allowed for the creation of a
pipeline that encodes the semantic segmentation into a datacost, from which a state-of-the-art
reconstruction network is able to produce satisfying 3D reconstructions. Although the final
results tend to be overly smooth in areas with high object density like kitchens and bathrooms,
the general scene layout is reconstructed very well. Interestingly, floors were most of the time

better reconstructed than what the groundtruth would suggest.

However, not only the reconstruction struggled with the fine grained details but also the se-
mantic point cloud segmentation failed in that area. Because we were able to show that the
segmentation performance correlates with the reconstruction performance, although less than
previously anticipated, we suggest to further improve the accuracy of the semantic segmenta-
tion. A first step in that direction was already made with PointNet++, which processes point
clouds on different scales levels and is therefore able to better handle non-uniform scenes, like
the ones provided by ScanNet. Another idea would be to segment the scenes in fewer, but more
general classes, that share similar shape priors. During our experiments we came across this

problem for class "table" and "desk". Furthermore, we were able to show that the intermediate
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CNN is able to abstract the input very well, which allows for the correction of semantic pre-
diction errors. Further engineering on this part of the pipeline has therefore also the potential
to improve the reconstruction results, as it is able to compensate for not perfectly segmented
pointclouds. Additionally, our approach did not got rid of the voxelization step completely, as
we only replaced the 2D image segmentation. Performance-wise it would be favorable to not

voxelize the scene at all. This should be the long term goal of further work in this direction.
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Appendix

A.1. Dataset
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Figure A.1.: Label distribution for test splits
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A.2. Segmentation

A.2. Segmentation

Table A.1.: Semantic class labels with distribution across datasets

Label id Semantic class full Set 3 Set 2 Set 1 Set 0
0 unannotated 10.20% 10.59% 9.24%  7.53% 7.58%
1 wall 36.87% 37.07% 35.65% 33.98% 38.70%
2 floor 2479% 22.42% 24.15% 30.09% 20.81%
3 chair 473%  4.00% 395% 5.70% 1.17%
4 table 261% 2.06% 2.02% 3.17% 1.22%
5 desk 1.70% 2.44% 1.59% 0.73% 2.66%
6 bed 250% 4.82% 6.11% 0.79%  3.77%
7 bookshelf 191% 1.72% 0.74% 0.66% 1.20%
8 sofa 257%  3.76% 4.61% 838%  4.96%
9 sink 032% 0.13% 0.18% 0.15% 0.64%
10 bathtub 0.31% 0.06% 0.07% 0.08%  0.38%
11 toilet 0.27%  0.06% 0.07% 0.09%  0.40%
12 curtain 1.36% 2.18% 2.75% 098% 1.30%
13 counter 0.65% 0.18% 0.24% 032% 1.24%
14 door 226% 1.95% 1.86% 1.64% 3.08%
15 windows 093% 1.21% 1.18% 093% 2.12%
16 shower curtain  0.16% 0.05% 0.06% 0.02%  0.08%
17 refridgerator 0.38% 0.16% 024% 028% 1.10%
18 picture 032% 033% 038% 039% 0.03%
19 cabinet 247%  221% 2.03% 1.52% 5.70%
20 other furniture 2.69%  2.58% 2.89% 2.56% 1.86%
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Figure A.2.: Per class accuracy for each subset when trained with random block rotations
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