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ABSTRACT

Recently, the amount of 3D data has been sharply increasing thanks to widely
available 3D sensors like Lidar, Kinect and RealSense. Compared to 2D images, 3D
data provides clear topology and geometric information, which is very important for
many computer vision applications. Among many types of 3D data, the point cloud
is widely used because of its easy availability and storage. This thesis summaries
the works that have been conducted on understanding the high-level semantics and

basic structure of 3D scenes based on point cloud data.

Firstly, a fully-supervised point cloud semantic segmentation framework is de-
signed. Contextual information can help resolve ambiguity and improve the ro-
bustness of a recognition system. To capture long-range context, a long-short-term
feature bank based framework is introduced to exploit the patch-wise relationship
for point cloud semantic segmentation. This approach can capture context in an
arbitrary range by costing a little extra computation than a standard segmentation
model. Experiments demonstrate that the proposed approach outperforms other

point cloud semantic segmentation approaches exploring long-range context.

Manually labeling point cloud datasets, especially point-wise annotations, for
fully-supervised methods is expensive. To avoid manually annotating 3D keypoints,
a weakly-supervised 3D keypoint extraction method for point cloud registration,
called KPSNet, is proposed, which only uses the relative transformation matrices
between input pairs of point clouds as weak labels to establish point-to-point cor-
respondences on-the-fly for training. Moreover, KPSNet can simultaneously detect
3D keypoints and learn the representations. Experimental results reveal that our
proposed method performs better in point cloud registration than other methods

without keypoint annotations.

To cut the need for manual point-wise annotations, a weakly-supervised point



cloud semantic segmentation approach is proposed, which uses coarse labels only.
The proposed approach reformulates this problem as a semi-supervised point cloud
semantic segmentation problem with noisy pseudo labels. Then a three-branch net-
work is proposed, which can reduce the impact of noises in pseudo labels and leverage
the inner structure of point clouds to improve the segmentation performance. By
evaluating on benchmark datasets, this method surpasses other weakly-supervised
methods and fully-supervised method PointNet++, and narrows the gap with other
outstanding fully-supervised approaches. Subsequently, another weakly-supervised
point cloud semantic segmentation framework is introduced, which uses incomplete
point-level labels. It explores contrastive learning with cross-sample contrast and
low-level contrast and a pseudo label refinement module to mine more helpful super-
vision information from pseudo labels. This method gains state-of-the-art perfor-

mance on benchmark datasets with several weakly-supervised annotation settings.

Keywords: Point cloud, semantic segmentation, 3D keypoint, weakly-supervised,

3D scene understanding
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Chapter 1

Introduction

1.1 Background

Recently, the amount of 3D data has been increasing rapidly thanks to widely
available 3D sensors like Lidar, Kinect and RealSense. Compared with 2D images,
3D data provides clear topology and geometric information, which is very important
for many computer vision applications. Among many types of 3D data, the point
cloud is widely used because of its easy availability and storage. As a fundamental
task of 3D scene understanding, point cloud based semantic segmentation occupies a
vital position in understanding 3D environments, which derives various applications,
such as autonomous vehicles and robotics. It pursues predicting the semantic class
of every point in a given point cloud, which presents numerous challenges. The most
obvious one is that point clouds are inherently sparse in 3D space distributed only
on object surfaces, making most training methods inefficient. Another challenge is
that applying many end-to-end learning methods on point clouds is difficult owing
to the unstructured characteristic of point clouds. Moreover, point clouds captured
by Lidar are usually large-scale with various densities. These obstacles prevent
Convolutional Neural Networks (CNNs) applied on point clouds from achieving the
impressive performances attained for speech processing or image understanding. In
addition, it is hard to discover, represent and explore the relationships between

points, which also makes the point cloud segmentation task more difficult.

There are a few solutions to use deep learning techniques to 3D point cloud data

by reviewing existing research. The first solution is to convert irregular point cloud



data to regular grid data such as 2D images and 3D voxels in order to directly borrow
the successful CNNs operating on regular data. For instance, [92] uses 3D CNNs on
voxelized point cloud data. [5] projects point clouds into collections of 2D images
to use 2D image segmentation networks. The 2D segmentation results are finally
mapped to the original 3D data. However, the processing of data format transfor-
mations is usually accompanied by quantization artifacts, leading to information
loss, thereby limiting the representative ability of the models. More specifically,
transforming point clouds into regular voxels tends to discard small details. This
also adds a lot of redundancy which is inefficient, because point clouds only record
information about objects’ surfaces. Transforming point clouds into sets of images
results in 3D structure information being inevitably lost and the inverse projection
problem from 2D to 3D being introduced, which is another tough challenge. More-
over, using the standard 3D CNNs [92, 66] and 2D CNNs [73, 87] often requires a lot
of computational and memory resources because of the huge amount of redundancy
existing in the transformed voxels or images. The second solution is to use the raw
point clouds directly without any format transformations. PointNet [72] is a seminal
work in this line of methods. It learns a feature representation for each point of an
input point cloud and then aggregates all point-wise feature representations into
a global feature representation through max-pooling. Since PointNet processes all
points independently, it cannot capture local structures. In order to exploit local
geometric contexts, many improved works based on PointNet have been proposed
to exploit the local structure in neighborhoods of points [74, 83]. However, there are
limited prior works that consider capturing long-range spatial context. [24, 123] try
to incorporate the larger spatial context, but they are limited by the computational

resource and ignore the point-wise relationship.

Although recent deep learning methods have shown to be very valuable and

achieved remarkable success on 3D computer vision tasks, these problems are still



not fully solved. The main reason is that deep neural networks require substantial
annotated data, which is hard to obtain. In the case of dense prediction tasks like
point cloud semantic segmentation and 3D keypoint extraction, annotations should
be at the point level, which is highly laborious and time-consuming. Currently, only
limited 3D point cloud datasets with annotation at the point level are publicly avail-
able. These challenges hinder fully-supervised point cloud understanding methods
from being extended to more application scenarios. More recently, self-supervised
learning and weakly-supervised learning for 3D computer vision tasks have attracted

dramatically growing attention, but they are still in their infancy.

1.2 Research Challenges and Objectives

The goal of this thesis is to apply deep learning to point clouds, understanding
the high-level semantics and basic structure of 3D scenes based on point cloud data.
Specifically, this thesis focuses on point cloud registration and semantic segmentation
tasks. Although many efforts have been made, 3D computer vision tasks are still

not fully solved. The main challenges are as discussed below.

e The unordered and unstructured attributes of point cloud increase the diffi-
culty of extracting contextual information, which eventually limits the perfor-

mance of point cloud semantic segmentation approaches.

e Point clouds captured by Lidar are usually large scale with various densities,
which increases the difficulty of capturing long-range context for point loud

segmentation methods.

e Data-hungry fully-supervised methods increase the difficulty of extending dense

prediction methods to more application scenarios.

Three research objectives are set forth in this thesis to address these challenges:



e The first objective is to exploit long-range contextual information under lim-
ited computational resources to improve the efficiency of point cloud semantic

segmentation. We achieve this objective in Chapter 3.

e The second objective is to explore a weakly-supervised method to understand
the basic structure of 3D scenes. Particularly, we aim to develop a weakly-
supervised 3D keypoint extraction method for the point cloud registration
task without using manually annotated keypoint labels. Chapter 4 achieves

this goal.

e The third objective is to design weakly-supervised methods for point cloud
semantic segmentation, reducing the dense annotation costs. Particularly, we
aim to employ coarse cloud-level weak labels and incomplete point-level weak
labels for point cloud semantic segmentation separately. This objective is

achieved in Chapter 5 and Chapter 6.

1.3 Research Contributions

As displayed in Figure 1.1, we develop new approaches to tackle two fundamental
tasks — point cloud semantic segmentation and 3D keypoint extraction for point
cloud registration in the field of 3D scene understanding. Each chapter in this thesis

has the following major contributions:

e In Chapter 3, we introduce a novel Long-Short-Term Context framework (LSTC),
which adopts a long-short-term feature bank to exploit both the local context
within each block and the long-range context beyond the current task block.
The proposed framework is flexible and easy to be combined with existing
models, thereby enabling existing models to capture spatial context within an

arbitrary range. Extensive experiments demonstrate that the proposed model
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Du et al. ICIP2019

Point Cloud Registration

Figure 1.1 : Thesis contributions: supervised and weakly-supervised methods for

3D scene understanding.

achieves improved segmentation performance, and augmenting existing mod-
els with a long-short-term feature bank consistently increases the performance.
This chapter is supported by one published conference paper in ” 2020 IEEE

International Conference on Image Processing (ICIP)”.

e In Chapter 4, we propose a KeyPoint Siamese Network (KPSNet) to learn the
task-specific keypoint detector simultaneously and feature extractor for point
cloud registration. Since the proposed approach does not require manually an-
notating keypoints and local patches pairwise, it can be easily extended to new
scenes. Experiments on the open-source benchmark dataset show the validity
and competitive performance of our approach. This chapter is supported by
one published conference paper in ”2019 IEEE International Conference on

Image Processing (ICIP)”.

e In Chapter 5, we present a weakly-supervised point cloud semantic segmen-

tation approach using coarse labels. We reformulate the weakly-supervised



point cloud semantic segmentation with coarse labels as a problem of semi-
supervised point cloud semantic segmentation with noisy pseudo labels, and
devise a three-branch framework to learn a semantic segmentation model from
the noisy pseudo labels. The proposed framework can reduce the impact
of noises in pseudo labels and leverage the inner structure of point clouds
to improve segmentation performance. On benchmark datasets, our weakly-
supervised method for point cloud semantic segmentation outperforms other
weakly-supervised methods and fully-supervised method PointNet+-+, and
narrows the gap with other outstanding fully-supervised approaches. This
chapter is based on one journal paper submitted to ”IEEE Transactions on

Multimedia” .

e In Chapter 6, we present PCL, a label-efficient point cloud semantic segmenta-
tion method using incomplete point-level labels. We explore cross-sample con-
trast to learn category-discriminative representations and develop a dynamical
label refinement strategy to mine supervision information from pseudo labels
while alleviating the impact of noisy pseudo labels. Experiments on bench-
mark datasets show the proposed approach gains outstanding performance on
benchmark datasets with several weakly-supervised settings. This chapter is
based on one journal article that is being polished and submitted to ” IEFEE

Transactions on Image Processing”.

1.4 Structure of Thesis

This thesis is organized as follows:

e Chapter 2: this chapter provides a complete overview of the literature on deep
learning on point clouds, point cloud semantic segmentation, 3D keypoint
detection, weakly-supervised learning on point clouds, and contrastive learning

for dense prediction.



Chapter 3. this chapter introduces our LSTC approach, a supervised point
cloud semantic segmentation framework, which exploits long-range spatial con-
text with the help of the proposed long-short-term feature bank, therefore

improving the segmentation performance.

Chapter 4: this chapter introduces our KPSNet, a weakly-supervised 3D key-
point extraction method for point cloud registration, which does not require

manually annotated 3D keypoint labels.

Chapter 5: this chapter presents our weakly-supervised framework for point
cloud semantic segmentation, employing only coarse weak labels as supervi-

sion.

Chapter 6: this chapter presents our PCL, a label efficient point cloud semantic
segmentation approach that employs incomplete labels as supervision, and
highly improves the performance of weakly-supervised point cloud semantic

segmentation via cross-sample contrast and dynamical label refinement.

Chapter 7. the last chapter concludes the entire thesis and provides insights

on future directions.



Chapter 2

Literature Review

In this chapter, we briefly review works related to 3D point cloud scene understand-
ing. In particular, we start from deep learning technology on point cloud data in
Section 2.1, followed by existing efforts on point cloud semantic segmentation in Sec-
tion 2.2 and 3D keypoint detection in Section 2.3. Since the methods presented in
Chapters 4, 5 and 6 are weakly-supervised, we review weakly-supervised approaches
applied on 3D point clouds in Section 2.4. Contrastive learning is a popular ap-
proach for representation learning in 2D and 3D vision tasks, which is also applied
to our works about point cloud semantic segmentation. Therefore, at last Section

2.5, we introduce related works of contrastive learning for dense prediction.

2.1 Deep Learning on Point Clouds

There are many efforts to explore deep learning techniques on point cloud data.
According to the types of point cloud representations fed into the deep neural net-
works, these methods are categorized into four groups: multi-view based, voxel

based, raw points based, and other methods.

2.1.1 Multi-view based Methods

Multi-view based methods firstly project, from multiple virtual views, point
clouds into a set of 2D images according to the projection strategies. Then they
use the well-designed 2D Convolutional Neural Networks (CNNs) to extract features
from each projected image. Finally, these view-wise features are fused to various 3D

understanding tasks, including 3D shape classification [87, 73|, segmentation [51]



and detection[12, 71, 65].

The basic idea of projection strategies is to choose the positions for virtual cam-
eras to take pictures of the point clouds. [54] chooses to rotate a virtual camera
around a fixed vertical axis and generates four virtual views every 12° by changing
the pitch angles and translations, producing three images (i.e. color, depth and
surface normal) at each virtual view. [6] proposes to take photos of the re-produced
3D mesh of a given point cloud, instead of directly rending images from the point
clouds, in order to prevent points behind the observed surface from revealing due
to the sparsity problem of point clouds. It uses random virtual views to generates
a set of images by randomly choosing the center coordinates of the virtual camera
within the given 3D scene space, as well as the altitudes in 10 ~ 30 meters and
the view directions in a 45° cone facing the ground. The projection strategies are
very important for multi-view based methods, because their performance is sensi-
tive to viewpoint selection. However, it is difficult to choose appropriate and enough

viewpoints to gain descriptive feature representations of point clouds.

How to aggregate a series of view-wise features to form a discriminative fused
representation of the given 3D scene is another crucial problem. [87] generates the
global feature representations by max-pooling multiple view-wise features. As a
result of the max-pooling operation, much information is lost because it only makes
use of the maximum elements of the multi-view features. [122] proposes to leverage
the inter-relationships between multi-view images to generate a discriminative global
representation. It designs a relation network, which uses a reinforcing block to
explore the region-to-region relationship between different view-wise feature maps
to enhance the features of each individual image and use an integrating block to
exploit the view-to-view relationships across a set of view-wise features to fuse them

to a global representation for 3D object recognition.
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Besides, information loss is unavoidable when projecting a point cloud. There-
fore, this line of methods cannot fully exploit the geometric and structural infor-
mation of given point clouds. With well-engineered 2D CNNs and well-designed
projection strategies, multi-view based approaches can achieve leading performance
on the task of shape classification. However, using this type of representation al-
ways fails when referring to other tasks of 3D scene understanding, like point cloud

semantic segmentation and shape completion.

2.1.2 Voxel based Methods

This series of approaches firstly generate regular 3D voxel grids by voxelizing
given unstructured point clouds, and then leverage 3D CNNs for 3D computer vi-
sion tasks. [73, 113, 66] are the pioneers that adopt 3D CNNs to the volumetric
representations of point clouds for 3D object recognition. There are also a lot of
works using 3D CNNs on voxelized point cloud data for semantic segmentation
[17, 92]. These approaches have yielded encouraging outcomes, but they are still
hampered by several obvious limitations. Firstly, the memory capacity and compu-
tational complexity of 3D convolution grow by a third power with respect to the
resolution of point cloud data, which impedes these approaches from being applied
to large-scale dense point clouds. Secondly, this issue is further exacerbated by the
data sparsity of point clouds, because point cloud data only records information on
the surface of objects. The type of voxelized representation of point cloud naturally
adds a lot of redundancy, and almost 90 percent of the voxelized representation is
empty [131]. Thirdly, this line of methods are sensitive to the voxel size due to in-
formation loss caused by voxelization, which also results in the problem of balancing

between accuracy and efficiency.

To reduce the information loss during voxelization and preserve the details within

voxels, [55] proposes PointGrid to combine the point and voxel representation by
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representing the feature of a voxel as the fused feature of a fixed number points
within the voxel. To reduce the memory and computational costs, [75, 103] propose
to leverage octree structure to focus memory allocation and computation on relevant
dense voxels. Specifically, [75] proposes to partition point clouds into 3D voxels in
a hierarchical fashion based on the octree structure, until the voxels either hold a
single active site or are empty. The feature representation stored in each leaf node is
obtained by pooling all feature activations of the voxel it comprises. By operating on
the octrees, [75] can focus computational and memory resources depending on the
3D geometric structure of input data, leading to efficient sparse convolutional oper-
ation. However, empty space still suffers from computational and memory burdens.
Recently, [15, 28] develop sparse convolution that does not perform computations
on empty voxels. With the developed sparse convolution, they build large-scale 3D
networks on voxelized point clouds and obtain advanced performance in many tasks

of 3D scene understanding, including classification, detection and segmentation.

2.1.3 Raw Point based Methods

In place of converting point clouds to images, voxels or other representations,
raw point based approaches apply deep learning to the raw points. [72] proposes a
pioneering method, which is called PointNet, that directly presents 3D point clouds.
Its main idea is to learn a convolutional neural network to embed every single point
of the given point cloud to a feature vector and then combine all individual point
feature vectors to a fused feature representation. Then [72] utilizes the fused feature
representation for object classification tasks and part/semantic segmentation tasks
within a unified neural network framework. PointNet is quite simple yet highly
efficient and effective. However, PointNet only captures global features of point
clouds and does not exploit the useful local structure. It is proved that local structure

occupies a crucial position in the success of convolutional neural networks. To
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exploit local structure, [74] introduces a hierarchical architecture, PoineNet++, from
neighboring regions progressively. To be specific, [74] proposes the set abstract
layer that divides an input point set into a number of overlapping local regions
depending on a distance metric. Then the features of points within each local
region are extracted and aggregated to form a local feature of the local region,
feeding to the higher-level as a unit feature. Repeating the set abstract layer several
times, the network generates the global representation of the input point cloud
that contains fine geometric structures from local neighborhoods. Since PointNet
and PointNet++4, more efforts have been made to operate on raw point clouds by
developing new kinds of deep learning networks. DGCNN [108] aims to capture
local structure by dynamically searching neighbors of points in feature spaces and
aggregating their features to enhance the point features. SPG [53] embeds PointNet
in edge graph CNNs for large-scale semantic segmentation. It employs a PointNet-
like network to produce local node features of a constructed superpoint graph and
then apply edge graph convolution on graphs for point cloud semantic segmentation.
VoxelNet [131, 60] combines PointNet with 3D CNNs for 3D object detection. [36,
57, 59, 50] take regular grids as convolutional kernels. When operating on point
clouds, as the neighbors of a point scatter in various locations locally, they modify
the kernel weights for neighboring points according to their offsets to the point.
(62, 112, 129, 95, 120, 46] consider the convolutional operation on point clouds as
convolution on continuous signals and apply continuous functions to create kernel
weights for points’ neighbors. By considering different factors that affect the weights
operating on neighboring points, various kernel functions are designed, resulting in

a number of novel deep networks for point clouds.

As raw point based approaches operate directly on point clouds, they can avoid
information loss during format transformation. In the past five years, this line

of methods has attracted much attention and achieved outstanding progress in 3D
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scene understanding based on point clouds. However, most of this line of approaches
only receive small-scale point clouds, resulting in inconvenience to capture long-range
spatial context and inefficiency when dealing with large-scale point clouds in tasks

of 3D scene understanding.

2.1.4 Other Methods

Several researchers also explore other representations for point cloud understand-
ing.

Spherical Representation: [110] proposes SqueezeNet that firstly projects a 3D
point cloud by spherical projection, forming a 2D LiDAR image. It treats projected
LiDAR images as RGB images to be processed with standard convolutional net-
works. As this spherical representation does not require viewpoint selection and
view-wise feature aggregation, as well as leveraging many powerful 2D CNNs, it
attracts much interest quickly. [111, 117, 68| follow this spherical representation
to further improve the performance. [111] leverages an unsupervised domain adap-
tion pipeline to address domain shift. [117] proposes Spatially-Adaptive Convolu-
tion (SAC) for efficient computation. [68] proposes RangeNet++ to address the
problems of discretization errors and blurry inference outputs by an efficient post-
processing step. However, similar to multi-view based methods, information loss is
also unavoidable for spherical projection based methods because of the point occlu-
sion problem during projection process. Graph based Methods: Recently, some re-
searchers have attempted to extend deep learning techniques to unstructured graph
data, deriving the graph convolution networks. Since 3D point clouds lie in the irreg-
ular and non-Euclidean domain, they can be naturally structured as graphs and then
be processed by graph operations. [86] is a pioneer that employs graph convolutions
to address the point cloud classification task. The authors proposed a convolution

operation on graph data constructed based on spatial distances. The filter weights
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are defined to condition on edge labels and dynamically generated, therefore called
Edge-Conditioned Convolution (ECC). In the following work of [53], a superpoint
graph based architecture is introduced to process large-scale point clouds, captur-
ing spatial context to improve segmentation performance. This architecture uses
PointNet for superpoint embedding and introduces a more efficient version of ECC
[86]. [93] proposed RGCNN for point cloud segmentation. Each layer of RGCNN
is regularized by adding graph-signal smoothness prior to the loss function. Indeed,
these methods recast point clouds into graphs to mine the structure information of
point clouds and leverage graph convolution networks to capture the interactions

between points to enhance feature representations.

2.2 Point Cloud Semantic Segmentation

Deep CNNs have already been broadly applied in 2D image understanding tasks.
Several outstanding deep architectures, like ResNet [33], appear as a general feature
extractor network (called backbone). But in the area of 3D scene understanding
based on point cloud data, such deep architectures still do not exist due to the chal-
lenge of processing unordered and unstructured (i.e. irregular or non-raster) point
clouds. Based on the deep learning techniques introduced in Section 2.1, various
deep architectures have been introduced to 3D semantic segmentation. Similarly,
depending on the formats of the input data of deep architectures, we group these
architectures into multi-view based architectures, voxel based architectures, point

based architectures and other architectures.

2.2.1 Multi-view based Deep Architectures

Multi-view based deep architectures [54, 5] convert an irregular point cloud to
multiple images, and then usually apply 2D CNNs that are developed from 2D

image semantic segmentation models, such as ResNet [33], Deeplab [9], FCN[64],
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and U-Net [76] to predict per-pixel score maps for all projected images. The final
segmentation result of an input point cloud is obtained by aggregating all predicted
score maps over different views and reprojecting to the point cloud. [54] generates
several views for an input point cloud, each view consisting of 2D color, depth and
surface normal images and processed by a three-stream architecture. All predicted
score maps over different views are fused and re-projected via the score fusion module
to generate the final prediction. To deal with point clouds with low density, [5]
firstly generates a mesh of a point cloud, and then generates two types (i.e. RGB
and depth composite) of multi-view images from the mesh. Finally, the predicted
segmentation results of all views are first reprojected to mesh, and then to the
original point cloud. Instead of predicting score maps directly from multiple views,
[43] proposes Multi-View PointNet (MVPNet) that uses multi-view based 2D U-type
networks to generate 2D feature maps. After that, the authors reversely project
and aggregate the 2D feature maps to the original point cloud to augment the
point-wise features. Generally, the performance of multi-view based approaches is
easily influenced by the projection strategies and aggregation strategies. Under the
presumption that data points in small areas are distributed nearly on Euclidean
surfaces, [91] proposes tangent convolution and builds a U-type network on the
tangent plane around every point of a point cloud, called tangent images. Obviously,
[91] can produce per-point feature representations without reprojection operations
by taking the feature representation of each tangent image as that of each point. As
a result of precomputing the tangent images based on the local surface geometric
information, [91] can process large-scale datasets for efficient point cloud semantic

segmentation.
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2.2.2 Voxel based Deep Architecture

Voxel based deep architectures [70, 131, 15, 28] usually take the regular 3D voxels,
transformed from the original point clouds, as input and implement 3D convolutional
neural networks. [38, 17] convert point clouds to sets of occupancy voxel-grids. After
that, they utilize a 3D Fully Convolutional Neural Network (3D FCNN) to produce
segmentation prediction of each voxel. The final point cloud segmentation results
are obtained by assigning the predicted labels of a voxel into all points within the
voxel. Obviously, the performance of these approaches is subject to the boundary
artifacts caused by the voxelization and the voxel size. If reducing the voxel size (i.e.
increasing resolution) for better performance, it will be difficult to train the segmen-
tation networks due to the huge memory and computational cost. Many efforts have
been done to solve the above problems. To refine the final point cloud segmentation
results, [92] proposes SEGCloud that firstly maps the poor voxel-wise predictions
produces by 3D FCNN to the original point cloud by the deterministic trilinear in-
terpolation operation, and then applies Fully Connected Condition Random Field
(FC-CRF) to achieve global consistent segmentation results on the basis of the as-
sumption of spatial consistency in the per-point labels. To capture local details
within voxels and reduce the information loss caused by coarse voxels, [67] proposes
the Voxel VAE network (VV-Net) that embeds the local details within each voxel
by a kernel-based interpolated variational autoencoder (VAE) architecture. There-
fore, each voxel is represented by an information-rich feature vector defined by the
latent space representation using a pre-trained VAE, replacing the traditional voxel
representation of a 0-1 occupancy signal. Moreover, to achieve robust segmenta-
tion results, instead of using a standard convolution operation, [67] defines a group
convolution operator to extend group equivariant CNN to 3D. Equipped with the
group convolution, the segmentation network can be invariant to transformations of

translation, rotation and symmetry, and enhance the expressive capacity without in-
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creasing parameters. However, all of the above voxel based approaches consider the
voxelized data as densely populated grids, therefore they usually suffer from the lim-
itations of memory capacity and computational complexity growing exponentially

with increasing resolution.

As point clouds are sparse in 3D space and generally distributed on surfaces
of objects, exploiting the data sparsity is crucial for efficient voxel based semantic
segmentation approaches. [27] implements a sparse convolutional operator for 3D
data that only stores and calculates the active sites of each input of each layer
to reduce memory requirements and speed up operations. Specifically, for a spatial
location (site) in the input layer, [27] defines it as active if the site’s vector is not the
zero vector; for a site in a hidden layer, [27] defines it as active if any of its input sites
is active. In other words, a site in a hidden layer takes in some sites from its lower
layer. If any of these sites is active, then the site in the higher layer is set as active.
However, the degree of data sparsity will rapidly disappear with convolutional layers
increasing, called submanifold dilation [28]. For intuitive understanding, we show an
example of submanifold dilation in Figure 2.1(a). To maintain data sparsity across
the entire network and use the sparse convolutional operators, [23] uses rectified
linear units (ReLU) to keep data sparsity in the intermediate feature representations,
and introduces an £ regularizer to encourage the network to discard uninformative
feature representations and increase sparsity. However, the submanifold dilation of
sparse data caused by the convolutional operator is still a bottleneck of the sparse

convolutional networks with respect to the memory and computational cost.

Very recently, [28] proposes the submanifold sparse convolution (SSC) that pro-
cesses spatially-sparse data more efficiently. Different from prior convolutional op-
erators, SSC keeps the pattern of active sites, as shown in Figure 2.1(b). Taking
SSC as the basic block and together with other derived operators such as strided

sparse convolution and batch normalization, [28] develops submanifold sparse convo-
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(a) Sparse Convolution (SC)

) Submanifold Sparse Convolution (SSC)

Figure 2.1 : Illustrations of sparse convolution (SC) and submanifold sparse convo-
lution (SSC) [28]. Dark grey color denotes non-active. (a) shows an example of SC
used in [27]. An input sparse data (left) passes through a convolutional layer with a
3 x 3 kernel filled with 1/9, obtaining a more dense result (middle) with more active
sites. Feeding the middle result to the same convolutional layer further increases
the number of active sites, obtaining the right result. This phenomenon is called
submanifold dilation. (b) illustrates the calculating procedure of SSC proposed by
[28]. A output site is determined to be active if and only if the central site of its
receptive field in the input is active. Therefore, the output are forced to have the
same number of active sites as the input. When applying a SSC on a sparse input,
if an output site is active, SSC will compute its output feature vector; otherwise, no
computation performs. From left to right: receptive fields of a 3 x 3 SSC centered
at different active sites. Green sites denote active sites in the receptive field, and

red sites are non-active sites that are ignored by SSC.
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(a) Submanifold Sparse Convolution  (b) Generalized Sparse Convolution

Figure 2.2 : Difference between submanifold sparse convolution [28] and generalized
sparse convolution [15]. White sites denote active sites in the input. Dark grey
color denotes non-active. Light grey sites denote active sites in the output. Dashed
lines mark the receptive field of a 3 x 3 convolutional kernel and grey sites denotes
their output sites. (a) Submanifold sparse convolution does not change the pattern
of active sites. (b) Generalized sparse convolution maintains the degree of data

sparsity, but does not enforce the pattern of active sites to be unchanged.

lutional networks (SSCNs) for efficient point cloud semantic segmentation, including
sparse variants of the popular FCNs, U-Nets and ResNets. [15] further improves the
SSC operation and proposes the generalized sparse convolution that maintains the
degree of sparsity of active sites but does not restrict the pattern of active sites in
the output, as shown in Figure 2.2. Moreover, [15] develops an open-source library,
Minkowski, to implement the generalized sparse convolution, called MinkConv. Us-
ing Minkowski, [15] builds large-scale U-type Minkowski convolutional neural net-
works, MinkUNets. The authors apply MinkUNets to the point cloud segmentation
task, and gain top performance on various 3D benchmarks. More importantly, SS-
CNs and MinkUNets can deal with a complete large-scale point cloud at a high
resolution instead of sub-clouds with the help of the proposed SSC and MinkConv,
therefore capturing long-range spatial context conveniently. Subsequently, SSCNs

and MinkUNets are widely used as backbone for point cloud semantic segmenta-
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Figure 2.3 : Architecture of a 3D-UNet implemented with Minkowski. The archi-
tecture takes voxels as input. It firstly embeds the input into higher dimensional
(D = 32) representations using a sparse convolutional layer with kernel size of
3 x 3 x 3, denoted as SparseConv(3 x 3 x 3, D = 32), and then uses the encoder and
decoder to generate a 96-dimensional feature representation for each active voxel.
The encoder is consist of four sparse residual blocks (SparseConv ResBlock), while
the decoder is consist of four sparse residual deconvolutional blocks (SparseDeconv
ResBlock). The intermediate representations of each block of the encoder are com-
bined with the corresponding ones of the decoder for feature enhancement. Finally,
a classifier (SparseConv(l x 1 x 1,D = class)) receives the final 96-dimensional

feature representations as input and produces the segmentation predictions.

tion [77], point cloud instance segmentation [47], self-supervised 3D representation
learning [115, 34] and weakly-supervised point cloud segmentation [63, 45, 89]. Con-
sidering the high efficiency, performance and applicability of MinkUNets, we adopt
the 3D-UNet architecture [115] implemented with Minkowski as one of the back-
bone architectures in this thesis. Figure 2.3 displays the detailed architecture of the

backbone network.
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2.2.3 Point based Deep Architecture

Point-based point cloud semantic segmentation methods [72, 74, 108, 22, 129,
112, 8, 95, 35] directly applies deep architectures on raw point clouds to learn point-
wise features. As a pioneer, PointNet [72] embeds each point individually through
shared multi-layer perceptrons (MLPs), generating per-point feature. Every per-
point feature is augmented by concatenating the aggregated global feature. Finally,
the augmented point features are used to predict the point cloud segmentation re-
sults. As PointNet cannot capture local structure, the following works develop many
techniques to explore the local structure. As shown in Figure 2.4(a), PointNet++
[74] proposes a symmetrical encoder-decoder architecture to capture local context,
which adopts a hierarchical structure composed by several set abstraction layers as
encoder and another hierarchical structure composed by several propagation lay-
ers as decoder. Specifically, the set abstraction layer uses max-pooling layers to
aggregate point features within each local region. DGCNN [108] proposes the Edge-
Conv operation to captures local geometric structure and integrates EdgeConv into
PointNet to form a segmentation network. PointCNN [59] proposes X-Conv layer
to explore spatially-local correlation. The proposed X'-Conv operator works as fol-
lows. It firstly learns an X'-transformation conditioned on its input points. Then
it performs the learned X-transformation on its input points, associated with their
features, in order to permute input points to a specific order. Subsequently, a typ-
ical convolutional operation is carried out on the permuted points to produce new
embeddings. PointWeb [129] attempts to exhaust the contextual information in a
local region by considering the relationship of all pairs of points in the local region.
PointConv [112] defines the convolution operation on point clouds as a continuous
convolution and designs continuous functions to generate the convolutional kernels.
As the kernel functions take the densities of points’ neighborhoods as parameters,

PointConv is robust to point clouds with a variety of densities. To build a segmen-
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Figure 2.4 : Illustrations of popular point based deep architectures.

tation network in an encoder-decoder style, the authors also present a deconvolution
version. [95, 120] propose to define explicit convolution kernels for points and then
build networks based on their developed convolution kernels. Specifically, [95] pro-
poses Kernel Point Convolution (KPConv) that is efficient and robust to varying
densities. [95] also proposes a deformable version of KPConv, which can learn to
modify kernel points according to local geometry. With the proposed KPConv and
its deformable version, the authors present two network architectures to address
point cloud classification and segmentation, respectively. Figure 2.4(b) shows the
architecture of KPConv for point cloud segmentation, KP-FCNN. The segmentation
network KP-FCNN is an encoder-decoder-style architecture. Its encoder contains a
five-layers hierarchical architecture. The points are downsampled progressively after

each layer by the derived strided KPConv. Its decoder is composed of several nearest
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upsampling layers correspondingly, each together with a MLP, to progressively get
the final point-wise feature representation. The intermediate representations from
the encoder are concatenated to the corresponding upsampled ones from the decoder
through Skip links. Among the above-mentioned point based architectures for point
cloud segmentation, KP-FCNN [95] achieves the top performance. Moreover, KP-
FCNN can process relatively large point clouds with varying densities efficiently.

Therefore, we use KP-FCNN as one of our backbone in this thesis.

Since the above-mentioned point-based methods usually take a subdivided sub-
cloud as input due to the high computational memory requirement, they cannot
exploit long-range spatial contextual information. To deal with large-scale point
cloud semantic segmentation, [53] proposes to apply an edge convolutional network
on the introduced superpoint graphs to model long-range context, whose nodes are
set of geometrically simple points called superpoints. However, generating super-
points requires extra pre-processing, and the quality of superpoints has a significant
impact on its performance. RandLLA-Net [35] is based on KPConv, but has the ca-
pability of processing large-scale point clouds. However, RandLA-Net still does not
consider capturing long-range spatial context. Therefore, developing a framework,
which enables existing point based semantic segmentation approaches to capture

long-range spatial context, is one of our objectives in this thesis.

2.2.4 Other Architecture

Spherical projection based deep architectures. Several works projects a point
cloud onto a spherical surface to generate a 2D range image, and apply 2D CNNs to
generate pixel-wise range image representations. In the end, these approaches map
the representations of the range images to the corresponding original point clouds,
thereby producing the point-wise segmentation results of the given point clouds.

Compared with multi-view based methods, spherical projection based methods sig-
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nificantly reduce the complexities of projection based deep architectures because
they do not need to consider how to select the viewpoints to generate multi-view
images and how to aggregate the predictions across all views. SqueezeSeg [110]
proposes an end-to-end pipeline for real-time road-object segmentation from point
clouds. It takes range images transformed from point clouds as input and generates
the segmentation results based on SqueezeNet [42] and CRF. The following work
SqueezeSegV2 [111] improves the structure of SqueezeSeg by introducing a Context
Aggregation Module (CAM) to increase robustness to noise, as well as improvement
in loss function. SqueezeSegV3 [117] proposes the Spatially-Adaptive Convolution
(SAC), an efficient spatially-adaptive convolution, to adopt different filters for differ-
ent image locations. RangeNet-++ [68] proposes a GPU-accelerated post-processing
post-processing algorithm to mitigate problems caused by the spherical projection,
such as discretization errors and blurry CNN outputs. Considering the real-time
requirements in applications like autonomous driving, PointSeg [107] proposes a
lightweight network based on SqueezeNet, which introduces an enlargement layer

and an squeezing reweighing layer to make a balance on efficiency and accuracy.

Graph based architectures. A few researchers also exploit graphs to represent
point clouds, and develops graph based architectures for point cloud semantic seg-
mentation [53, 102, 108]. As they use a graph to describe a point cloud, graph
based architectures seek to generate the feature representation of each node and
predict its class. The construction of graphs and the graph convolutional operation
are two of the most important components of graph based architectures. [53] firstly
over-segments a point cloud, generating a set of simple segments (called superpoint)
based on geometric features. Then it builds a directed graph (SPG) for each point
cloud, where each node denotes a superpoint, and its feature vector is represented
by the output of a tiny point based network operating on the superpoint. The edges

of SPG denote the adjacency relationship between superpoints and whether two su-
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perpoints are adjacent or not depends on the distance and similarity of point pairs
respectively from the two superpoints. The input edge features are represented by
a 13-dimensional vector describing the geometric attributes of the adjacent super-
points. As for the graph convolution, [53] combines GRU (Gated Recurrent Unit)
and ECC [86] based on the assumption that the feature representation of a super-
point depends on itself and its local neighbors within the SPG, in order to capture
contextual information. [102] builds the graph of a point cloud by taking each point
as a node and adding edges between neighboring nodes depending on the spatial

distances.

Transformer based architectures. Transformer based architectures, simply called
transformers, have achieved great success in the image domain. Very recently, trans-
formers in 3D vision has been attracting more and more interest. Many transform-
ers are proposed to deal with object part segmentation [116, 128, 61, 37|, which can
only process very small scale point clouds one time due to the limitations of com-
putational and memory resource. To apply transformers on point clouds semantic
segmentation in large scale complete scenes, [69] proposes to apply voxel hashing
proposed in [15] for fast neighborhood selection and to speed up local self-attention
modules. [96] proposes to generate segment-wise features from graph segmentation
methods and apples a stack of attention encoder blocks to fuse these segment-wise
features. [118] proposes a cross-scale attention module to aggregate the generated

sparse voxel features to capture the long-range context for large objects.

The methods mentioned above are fully-supervised that require vast amount of
annotated data with dense labels ( point-level or voxel-level) for training. Obviously,
designing such fully annotated datasets is labor-intensive and time-consuming in

terms of data cleansing and manual labeling.
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2.3 3D Keypoint Detection

3D keypoint detection pursues a repeatable and distinctive 3D local representa-
tion from 3D data, e.g., point cloud and 3D mesh, which can be used to establish
correspondences between 3D surfaces. A 3D keypoint is represented by its position
coordinates and feature representation. It plays a key role in pairwise 3D regis-
tration, 3D shape retrieval and 3D objection recognition and pose estimation. A
completed 3D keypoint detection process generally contains a 3D keypoint detector

and a 3D keypoint descriptor.

2.3.1 3D Keypoint Detector

The objective of 3D keypoint detectors is to identify the positions of 3D key-
points. This is a challenging task and only a few works investigate 3D keypoint
detectors. The main reason is that it is difficult to define how a 3D keypoint should
be like. Therefore, the common way is to use a hand-crafted saliency function by
combining the domain knowledge, or uniformly select some local patches and tak-
ing their centers as keypoint [79, 78, 48, 125]. However, this type of 3D keypoint
detectors may not yield the best performance when combined with the given 3D
descriptors for downstream tasks. Recently, [98] proposes a descriptor-specific key-
point detector, which casts 3D keypoint detection as a classification problem in terms
of whether the points can be matches by a pre-defined 3D descriptor. The perfor-
mance of this method depends on the pre-defined 3D descriptor. However, learning
a good 3D descriptor needs a large amount of annotated keypoints, and thus causes
a chicken-egg problem. Very recently, a few works [88, 44, 21, 3] attempt to extract
task-specific 3D keypoints via an end-to-end optimization to improve the overall
performance in a particular task. [88] learns an ordered set of consistent 3D key-
points across multiple views and object instances for a specific downstream task,

such as relative pose estimation. However, it requires to train one model for each



27

category, and is inflexible to be extended to new scenario. 3DFeat-Net [44] learns
both 3D keypoint detector and descriptor for point cloud registration via a three-
branch Siamese architecture, which uses a training tuple of an anchor, positive and
negative point cloud to compute a triplet loss. Its 3D keypoint detector outputs
the orientation and attention predictions, and learns to give higher attentions to
keypoints that are useful for point cloud registration implicitly. In this thesis, we
also study to simultaneously learn 3D keypoint detector and descriptor in a unified
framework [21]. Different with [44], our framework is a two-branch Siamese architec-
ture and learn the 3D keypoint detector explicitly via a classification task to identify
whether a keypoint candidate is useful for point cloud registration. Subsequently,
D3Feat [3] leverages a fully convolutional network for joint dense feature detection
and description, where a detector loss is proposed to guide the network to predict

highly repeatable keypoints.

2.3.2 3D Keypoint Descriptor

The objective of 3D keypoint descriptor is to learn the representations of 3D
keypoints or 3D local patch. Most existing works related to 3D keypoint focus on
3D descriptors. Early works [48, 78, 97] are unsupervised and use handcrafted 3D
features (e.g. histograms) to estimate the similarity of keypoints by calculating
the point number in each spatial bin or considering the surface normal property.
These approaches are developed for specific applications. Therefore, it’s usually
hard to extend them to new scenes. [125] is a pioneer that applies deep learn-
ing to learn 3D descriptors. It uses a Siamese 3D CNN that takes voxel grids
as input to match 3D local patches and has made significant progress. Its major
principle is to train the network to ensure that the features of matched pairs are
similar and the features of un-matched pairs are diverse. Therefore, [125] requires

the dense annotated data, containing a number of matched 3D local patches for
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training. Subsequently, many learning-based approaches follow [125] to take uni-
formly distributed local patches as input and design various networks to learn 3D
descriptors [20, 19, 26, 1]. For example, PPFNet [20] leverages PointNet [72] as its
encoder and takes raw points augmented with point-pair features (PPF) as inputs.
It learns a globally informed 3D descriptor by a N-tuple loss based on the permu-
tation invariant property. PPF-FoldNet [19] leverages PPF and FoldingNet [121],
which is an auto-encoder architecture, to develop an unsupervised method to learn
rotation-invariant 3D descriptors. SpinNet [1] transforms 3D local patches into 3D
cylindrical volumes and leverages 3D cylindrical convolution to learn features. It
uses the local reference frame for patch alignment to learn rotation-invariant 3D
local descriptors, and achieves advanced generalization ability to unseen datasets.
However, such patch-based methods usually suffer from low computational efficiency
because of the repeated calculations on the overlapping regions of adjacent patches,
which limits their usage in many real-world applications. To deal with this limita-
tion, [16] makes the first attempt to apply a fully convolutional architecture on the
whole point cloud in a single pass to learn dense 3D descriptors. It uses 3D sparse
convolution proposed in [15] and achieves comparable performance to patch-based
methods with 600x speed-up in computation. Subsequently, the encoder-decoder
architecture are widely used to learn dense 3D descriptors via end-to-end optimiza-

tion for point cloud registration [84, 124].

2.4 Weakly Supervised Learning for Point Cloud Under-
standing

Various approaches are proposed to reduce the demand for huge amounts of
annotated 3D data. We broadly divide these techniques into two groups according
to the types of their supervision information: incomplete supervision and inexact

supervision. Figure 2.5 illustrates an example of point cloud semantic segmentation
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Figure 2.5 : Illustrations of differences between training semantic segmentation mod-
els under (a) full supervision with point-level labels, (b) incomplete supervision with
partial point-level labels (grey color marks unlabeled points), and (c¢) inexact super-

vision with cloud-level labels.

trained with different types of annotations for reference.

2.4.1 Incomplete Supervision

Along this line of works, most approaches use self-supervised learning to pre-train
a feature embedding network. After that, they employ a small portion of annota-
tions to train a classifier or fine-tune a semantic segmentation network initialized
with the pre-trained model [58, 32, 80, 10, 81, 19, 115, 34]. These approaches fo-
cus on learning general feature representations, which benefit to downstream tasks.
Although achieving impressive performance, but there are still limitations due to
the gap of optimized objective between the downstream task and the self-supervised

pretext task. Most recently, [119, 127, 63] develop methods specifically for point
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cloud semantic segmentation with partial annotations, e.g., 10%, 1% and 1pt (one
labeled point per category in each training sample) of points are labeled. [119]
is a pioneer that designs a weakly-supervised point cloud segmentation network
using partial point labels. In order to learn better feature representations, it intro-
duces four losses: a standard segmentation loss constraining labeled points only, a
multiple-classification loss constraining the global features of an input, a Siamese
loss constraining all points under the consistency assumption of the predictions of a
point cloud and its transformed variant, and a smooth loss constraining all points
based on the locally smooth assumption. [119] achieves impressive results with 10x
fewer labeled points. However, the proposed network takes small point cloud blocks,
containing several thousand points, as input, and can not deal with large-scale point
clouds, because the smooth loss requires huge computational resources. [127] designs
a self-supervised pretext task for pre-training, and then fine-tunes the segmentation
network with the encoder initialized by pre-trained weights. The authors also present
a label propagation method to expand the given sparse labels. [127] evaluates the
proposed approach with different annotation settings of {1pt, 0.02%, 1%, 10%}, and
shows outstanding results in the task of weakly-supervised point cloud semantic seg-
mentation. [63] proposes a new weakly-supervised annotation setting of 1t1lc, which
means annotating one point for each object in a point cloud. With this setting, [63]
propagates the sparse labels based on pre-computed over-segments and trains the
segmentation network in a self-training manner by updating the labels iteratively.
[63] obtains outstanding performance on indoor datasets, which also presents an
inspiration to design an excellent annotating strategy within a fixed budget. [45]
focuses on a different weakly-supervised setting of providing a fraction of fully an-
notated point clouds and evaluates the proposed approach on several datasets with
{5%, 10%, 20%, 30%, 40%} of the training point clouds fully annotated. It ap-

plies semi-supervised learning following the consistency regularization strategy [90]
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to constrain unlabeled data, which promotes the features of matched point pairs to

be close in the feature space after using separate transformations.

2.4.2 Inexact Supervision

Instead of point-level annotations, [109] proposes MPRM that only uses cloud /subcloud-
level annotations for point cloud semantic segmentation. [109], a pioneer that uses
cloud-level weak labels for point cloud semantic segmentation, follows the standard
pipeline of weakly-supervised semantic segmentation (WSSS) in 2D computer vision.
Specifically, given the cloud-level weak labels, [109] firstly trains a classification net-
work, and uses it to generate the point-level pseudo labels. After then, with the
produced pseudo labels, it re-trains a standard point cloud semantic segmentation
network, same as supervised approaches. Intuitively, the quality of pseudo labels
act as a critical factor for the ultimate performance of the method. Therefore, [109]
focused on improving the classification network to generate better pseudo labels
and designed the multi-path region mining module. However, it does not take into
account how to make better use of the noisy pseudo labels. However, the inevitable
noises (i.e. incorrect labels) in the generated point-level pseudo labels will have im-
pact on the learning of the semantic segmentation network in the retraining stage.
Designing a semantic segmentation network with cloud-level annotations can reduce
the annotation cost greatly, having promising commercial value and wide applica-
tions. However, this research field has not been well studied. The performance of
this kind of method is still inferior to the current advanced fully-supervised point

cloud segmentation approaches.

2.5 Contrastive Learning for Dense Prediction

Recently, contrastive learning methods have drawn much interest as a result of

their success in representation learning and other applications [13, 11, 115, 34, 16,
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39]. The core idea of these methods is to encourage the feature representations of
the matched positive pairs to be close and the ones of un-matched negative pairs
to be away from each other in the feature space. This thesis only reviews the most
related works that explore contrastive learning to address dense prediction tasks.
Most methods in 3D tasks use a contrastive self-supervised pre-training step before
the downstream dense prediction task. PointContrast [115] proposed to learn point-
level feature representation by a self-supervised pretext task, using the proposed
PointInfoNCE loss. It builds the matched positive pairs from two overlapped views
of a 3D scene, while the negative point pairs are formed by unmatched points from
these matched pairs. The following work [34] improves PointContrast by proposing
a ShapeContext-like spatial partition and removing unmatched point pairs that
located in the same spatial partition from the original negative point pairs, resulting
in the location-aware contrastive learning. By providing more divergent negative
point pairs for the contrastive learning, [34] can learn more discriminative point-
level feature representations. Very recently, [45] extends contrastive learning for
semi-supervised point cloud segmentation, following the consistency regularization
strategy [90]. It deals with the task of learning a point cloud semantic segmentation
model with a small fraction of the training data being fully-annotated. [45] applies
the supervised contrastive learning by constructing the positive pairs as one-by-one
matched points from two homologous point clouds under different transformations

and constructing the negative pairs as un-matched point pairs with different classes.

In this thesis, we also explore contrastive learning to help learn more discrimi-
native representations, increasing the performance of weakly-supervised point cloud
semantic segmentation. We pursue to promote the learned class-specific feature rep-
resentation to be discriminative in an end-to-end framework. We also want to mine

useful information unlabeled data with pseudo labels at the same time.
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Chapter 3

Exploring Long-Short-Term Context for Point
Cloud Semantic Segmentation

3.1 Introduction

This chapter aims to explore contextual information for supervised point cloud
semantic segmentation. Point cloud semantic segmentation aims to assign the se-
mantic class to every point of the given point cloud. The characteristics of point
clouds make point cloud semantic segmentation a tough problem. Firstly, the points
are always unstructured and unordered, which makes it hard to build the relation-
ship between the points. Secondly, the points collected by 3D sensors are generally
sparse with various density in 3D space, which makes it difficult to designing an
effective and efficient deep architecture for dense prediction tasks like point cloud
semantic segmentation. Thirdly, scale variation of the point clouds increases the
difficulties. Fourthly, the number of points is huge, which will cost large GPU mem-
ory to capture rich information by considering all the points. Consequently, all the
above characters make the point cloud semantic segmentation difficult to incorporate

long-range spatial dependencies in a point cloud processing architecture.

As mentioned in Chapter 2, there are a few efforts to solve the above task. One
type is to transform the irregular point clouds into collections of 2D images [5, 29]
or regular 3D voxels [92, 75, 28]. But such a transformation process suffers from

inevitably losing information during quantization.

Another way is to operate on 3D point clouds directly. PointNet [72] first sub-

divides a large-scale point cloud into small volumetric blocks. After that, it takes
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each block as an input and processes each block independently without any connec-
tion. Specifically, it learns a high-dimensional feature representation of each point
by MLPs and fuses all point-wise features by a symmetric pooling function, forming

the global representation of an input block.

This paper belongs to the latter category. However, PointNet-based methods
have two limitations: (1) PointNet does not consider the local structures, (2) Point-
Net cannot capture long-range spatial context beyond the small blocks. Therefore,

the overall accuracy of PointNet is limited in complicated scenes.

There are a large number of works attempting to deal with the first limitation.
PointNet++ [74] introduces a hierarchical network to progressively extract local
features from neighboring regions. Firstly, depending on a specific distance metric,
the input point sets are separated into a number of overlapping local regions. Each
local region is associated by a local feature aggregating from the features of points
within the local region, considered as a unit of the higher-level layer. With this
process repeated, the network can capture the local structure and generate feature
representations that contain fine geometric structures from local neighborhoods.
Subsequently, based on the pipeline of this hierarchical architecture, [112, 129, 106]
concentrate on learning better local feature representations. Moreover, [61] proposes
to enhance the feature of the local region by leveraging the correlation between
different scale regions. [108] explores the interactions between neighboring points

by EdgeConv.

However, there are limited prior works that focus on the second limitation. [24]
proposes two mechanisms built upon PointNet to incorporate a larger spatial con-
text for the point cloud semantic segmentation task, which only considers the global
feature of each block. But in some challenging scenarios, a coarse holistic global con-

text might not be enough for the classification of ambiguous objects in the scene.
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[123] proposes to discover long-range spatial dependencies by a RNN model. The
authors design a bidirectional hierarchical RNN model and apply it to an input
sequence of spatially adjacent point clouds. Thus, the output of each point cloud
contains contextual information among all point clouds of the input sequence. How-
ever, the RNN layers perform in sequence-to-sequence mode, therefore, it needs to
feed all point clouds of an input sequence before generating the output of the first
point cloud. This serial operation is inefficient and inflexible. In addition, neither
[24] nor [123] leverages the relationship between points while building local features.
Besides, [53] proposes a novel superpoint graph method that can capture long-range
context. But the segmentation performance heavily depends on the build of super-

point, which is not optimized during the following training process.

This chapter will present a novel framework to address the second limitation. To
exploit long-range spatial context, we introduce a long-term feature bank that stores
a rich, position-indexed representation of the point cloud around the current small
block within a specified arbitrary range. Intuitively, there are several inherent con-
textual connections within large objects or between neighboring objects. Exploiting
these contexts will be beneficial for solving the ambiguity. For instance, doors are
generally inside the walls and connect to the floor, and chairs are often near the
table. We learn the feature representation of the information about surrounding
scenes and object, and store them in the proposed long-short-term feature bank. As
this information provides a supportive context that allows a point cloud segmenta-
tion model to infer better the class of a point in the current task block/sample, we
expect the long-term feature bank to improve current semantic segmentation mod-
els based only on information from a small point cloud block, typically 1-1.5 m by
1-1.5 m along the horizontal direction [72], which we call short-term context. By the
way, the reason of taking the small blocks as input is to fit in GPU memory. When

integrating the long-term feature bank with local features, we use an attention mech-
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anism modified from the non-local operation [105]. Experimental results show that
augmenting existing models feeding in small blocks with a long-term feature bank
yield consistently increasing performance in the point cloud semantic segmentation

task.

3.2 Methods

Our motivation for exploring contextual information for point cloud segmenta-
tion results from the observation that natural scenes usually have a reasonable and
coherent composition of objects. The presence of one object, even in a spatially
disjoint region, can be compelling evidence of the existence of the other. The ability
to relate the current status to the context that is distant in space can improve the
robustness of the recognition system and help resolve the ambiguity of object labels
against noises. With this motivation in mind, we propose a novel Long-Short-Term
Context (LSTC) framework by using the proposed long-short-term feature bank to
explicitly enable these interactions, therefore enabling existing methods to have the

ability to capture long-range spatial dependencies conveniently.

Figure 3.1 depicts our proposed framework. As show in Figure 3.1, the pro-
posed LSTC framework consists of five modules: (a) Encoder, (b) Long-Short-Term
Feature Bank Establishment, (¢) Feature Bank Fusion Module, (d) Decoder, (e)
Predictor. In the following five subsections, a detailed description of each module

will be given.

3.2.1 The Encoder Module

With a given input point set, the encoder aims to obtain the local feature rep-
resentations of all the initial points [72, 108] or points in the abstracted point set
[74, 112]. In this work, we build our encoder according to the hierarchical encoder

structure proposed by PointNet++ [74], the architecture of which is illustrated in
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Figure 3.1 : Architecture of our Long-Short-Term Context framework (LSTC).
LSTC takes point cloud blocks as input. The task block is used for the point cloud
semantic segmentation tasks, and participates in the whole training processing to-
gether with its labels. The contextual blocks are used to extract context on-the-fly
and only execute the feedforward process. ’@’ denotes the channel-wise concate-

nation operation.

Figure 2.4(a) of chapter 2.

The encoder is composed by several set abstraction (SA) levels. The SA level
processes and abstracts its input point set to a new set with fewer elements by
sampling, grouping and pointnet three layers. For the sake of clarity, we denote
N,_1 as the number of input points, N; as the number of output points of SA level
[, where N; < N;_;. We denotes D;_; and D; as the dimension of input point
features and output point features of SA level [, respectively. The SA level takes
an N1 X (3 4+ D,—;) matrix as input and output an NV; x (3 + D;) matrix, where
N, denotes the number of subsampled points, (3 + D;) denotes the D;-dimensional

output feature and its 3-dimensional coordinates. More details can be found in [74].

3.2.2 The Long-Short-Term Feature Bank Establishment

Like most point cloud semantic segmentation methods, we also split a large-
scale point cloud into several small blocks of 1m-by-1m along horizontal directions.

The long-short-term feature bank, L, is built to provide relevant contextual infor-
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mation to aid semantic segmentation of the current point cloud block. The steps
are as follows: Firstly, we run an encoder to generate a set of local features for
each block. As the blocks are split along the horizontal direction, we take a two-
tuple (z,y) as the index of each block. We call L,, € R w*P the matrix of
N, D-dimensional local features of block (z,y). Then we let the feature bank
L = [Log,...,Loy—1,--s Lx—10, .., Lx—1y—1] be a position-indexed list of features,
where x and y denote the number of divided blocks in two directions. Intuitively, L
provides contextual information about the whole point cloud, not only contextual
information within each block. We call short-term spatial context as the spatial con-
text within one input block, and call long-term spatial context as the spatial context
in a larger range beyond an input block. Therefore, L is called the long-short-term

feature bank.

3.2.3 The Feature Bank Fusion Module

For making full use of the long-short-term feature bank to capture the long-short-
range spatial context, we introduce a feature bank fusion module FBF, which is an
attention operator. As shown in Figure 3.2, the fusion module FBF (7, ,, Ezy) takes
T,., and L, as inputs, where T}, € RNew*P is the matrix of features generated from
the current task block (x,y) and L, is (Lo g2y s Lom |2 4 (wm1) g | 2]+ (w—1));
a subset of L covering the current task block (z,y) with window size w x w, stacked

. 7 NxD _ e B =) L5+ (w-1)

into a matrix L,, € RY*" where N = Zx/:zQ—L%J Zy,:y{L%J Ny . We use
T,., to attend to features in L, ,, and add the attended information back to T},
via a shortcut connection. Specifically, we replace the self-attention of the standard

non-local block with attention between the task block features 7, and the long-

short-term feature bank subset L, ,.

Intuitively, the feature bank fusion module computes an updated version T ,

of the task block features T, , by relating them to both the short-term context
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Figure 3.2 : Feature Bank Fusion Module. T}, , denotes the feature representations of
the task block indexed as (z,y). lNLLy denotes a subset of the feature bank, containing
the contextual feature vectors of the task block (z,y) and its surrounding blocks. D
is defined as the dimension of the feature vectors. N,, and N denote the number
of feature vectors of T, , and ZNLI,y, respectively. ‘®’ denotes matrix multiplication

and ‘@’ demotes element-wise sum.

features within the current task block and the long-term context features in a larger
range surrounding the current task block. In other words, the feature bank fusion
module adaptively captures the long-short-term spatial context from the proposed
long-short-term feature bank. The output T} , is then channel-wise concatenated

with T}, and used as input into the following decoder.

3.2.4 Decoder and Predictor Modules

The decoder is used to propagate the features of the abstracted points to the orig-
inal points. This work applies a hierarchical decoder structure [74], which contains
a number of feature propagation (FP) levels. In a FP level, we first interpolate the
feature representations of the IN; points at the positions of the N;_; points. Then

we concatenate the interpolated features on N;_; points with the point features
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from the corresponding SA level through skip connection, followed by a multi-layer

perceptron.

Finally, we achieve the predictions by applying several shared fully connected
layers, together with the following softmax layer, to the propagated features of the

original point set.

3.2.5 Implementation Details

In our implementation, we use four SA levels for the encoder and four FP levels
for the decoder. The numbers of points in the SA layers are 1024, 256, 64, 16, respec-
tively. We use the same encoder architecture to compute the local features T' from
the current task block and the long-short-term features L from its contextual blocks.
Parameters are not shared between these two encoders. The encoders are both ini-
tialized by a pre-trained baseline model, which does not use the long-short-term
feature bank, but a PointNet++ model in actuality. Considering the computational
and memory complexity of back-propagating through the long-short-term feature
bank, we treat the encoder used to compute L as a fixed component that is trained
offline and not updated subsequently. Hence, L can be efficiently computed in a

single pass over the whole point cloud by the encoder.

3.3 Experiments

3.3.1 Datasets and Evaluation Metrics

Datasets. We carry out experiments and evaluate our approaches on the Stan-
ford Large-Scale 3D Indoor Spaces (S3DIS) dataset. S3DIS [2] was collected from
six indoor areas that are primarily used for education and offices. These areas,
marked as Area-i,i = {1,...,6}, are distributed in three different buildings, with
Area-1, Area-3 and Area-6 coming from the first building, Area-2 and Area-4 origi-

nating from the second building, and Area-5 coming from the third building. There
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are several different types of rooms in each area, such as lobbies, hallways, offices,
conference rooms and so on. Each room is represented by a single point cloud and in
total, there are 271 point clouds in S3DIS. All point clouds are automatically gener-
ated using a Matterport scanner without any manual intervention, providing their
XYZ coordinates and RGB values. For semantic segmentation, this dataset provides
full per-point annotations with 13 classes (structural elements: ceiling, floor, walls,
beams, columns, Windows, doors, and movable elements of other elements: tables,
chairs, sofas, bookshelves, boards, and clutter). In our experiments, we use point
clouds of Area-5 for testing and of the rest five areas for training, following [92].
Because the building where Area-5 comes from does not contain other areas, which

is more fair to evaluate the generalizability performance of approaches.

Evaluation Metrics. We evaluate quantitative and qualitative performance on
S3DIS testing set. We use the following evaluation metrics in our experiments: the
intersection over union (IoU) of every semantic class and the mean of IoUs over all

classes (mloU). For each semantic class ¢, its IoU is computed as follows:

TP(c)

ToU(e) = T(c) + P(c) — TP(c)

(3.1)

where T'(c) denotes the number of positives in the ground truth, i.e. points with
given labels being c¢. P(c) denotes the number of positives in the predictions, i.e.
points with predictions being ¢. T'P(c) indicates the number of true positives, i.e.

points with both ground-truth labels and predictions being c.

3.3.2 Experimental Settings

Data Preparation. For fair comparison, we follow the settings described in
[24]. To get more representative blocks, we pre-process all training point clouds by
uniformly downsampling them with a grid size of 0.03m. As introduced in Section
3.2, our proposed LSTC framework takes small point cloud blocks as input. There-

fore, during training, we divide each point cloud into several point cloud blocks of
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size 1m x 1m along with two horizontal directions separately. As a result, all point
cloud blocks extend over the entire height of a point cloud. There is an overlap
of 0.bm between two adjacent blocks. For each block, we randomly sample 4096
points and hold the coordinates (x,y, z) , color (r, g,b) and normalized coordinates
(',y', 2") of each point. During testing, we use the same data pre-processings as
in training except for splitting each point cloud into non-overlapping blocks. Each
block is evaluated only once and then uses knn interpolation to get the predicted

results of the original point clouds.

Training Configuration. For all experiments, we use the 9-dimensional vec-
tor [z,y,z,7,9,b, 2",y 2] as input point features. We use the Adam optimizer to
optimize our model and set 0.001 as the initial learning rate. Before feeding into
the feature bank fusion module, the dimensionality of features is reduced to 128 by
a linear layer. We also add one dropout layer after each linear layer of our feature

bank fusion module and set 0.2 as the dropout rate.

3.3.3 Performance on S3DIS

As mentioned in [92], if the training set and testing set cover point clouds from the
same building, the generated segmentation results will be better than usual, resulting
in unfair evaluation for the generalizability performance. For fair comparisons, we
only compare the segmentation results that evaluate on Area 5 of S3DIS, ue. |

training models on the first two buildings and testing on the third building.

First, we compare the proposed long-short-term context model LSTC-w (w de-
notes the context window size) with the baseline model PointNet++. We use the
official code to train the PointNet++ model on S3DIS and produce the segmenta-
tion results following the testing setting as defined in Section 3.3.2. The LSTC-1
model is equal to a ’degraded’ version of our long-short-term context model, which

uses a short-term feature bank that only contains contextual features within the
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Table 3.1 : Comparison results on S3DIS. The results are tested on our testing
data of S3DIS Area-5. Bold fonts indicate the best results on the metrics of mIoU (%)

and per-class ToU(%).

Method mloU | Ceiling Floor Wall Beam Column Window Door Table Chair Sofa Bookcase Board Clutter

PointNet-++ [74] | 50.21 | 90.38  96.94 75.07  0.00 14.40 47.79 15.66 66.48 7295 19.71 61.04 48.68  43.58

G+RCU [24] 45.06 | 91.37  98.06 71.90 0.11 6.26 51.58 10.82  66.07 60.04  5.56 49.63 35.02  39.32
3DRNN [123] 53.40 | 95.20 98.60 77.40 0.80 9.83 52.70  27.90 78.30 76.80 27.40 58.60 39.10  51.00

LSTC-1(ours) 51.42 | 90.54  96.93 75.00 0.00 15.17 49.29 18.02 67.88 75.89 25.66 60.96 49.90  43.19

LSTC-2(ours) | 53.46 | 92.10 9745 7534  0.00 14.60 54.31 1764 7043 79.49 31.11 62.53 53.01 46.92

task block. As shown in Table 3.1, our LSTC-1 model performs better than Point-
Net++ by increasing 1.21%mloU. Especially for the categories that are various in
shape, such as table, chair, sofa, using the short-term feature bank leads to 1.4%,
2.94%, 5.95% improvement over the baseline model respectively. This demonstrates
the baseline model can get benefit from the feature bank, which provides useful

contextual information.

To validate the benefit of incorporating long-term contextual information, we
increase the contextual window size to 2. Comparing LSTC-1 and LSTC-2, we can
observe the LSTC-2 model further improve the results: 2.04%mloU, 2.55% for table,
3.6% for chair, 5.45% for sofa. And compared to the backbone PointNet++, our
LSTC-2 model outperforms PointNet++ by 3.25%mloU, 3.95% for table, 6.54% for
chair, 11.4% for sofa, which is about doubles the performance of LSTC-1. Besides,
for the categories with large size or ambiguous structure, the LSCT-2 model outper-
forms PointNet++ in large margins, e.g. increasing by 6.52% for window , 4.33%

for board.

We also compare the proposed LSTC model with methods that also exploit long-
range contextual information and report results on S3DIS Area 5. The G+RCU [24]

can be considered as a particular instance of the proposed framework, which equals
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to build the feature bank with the global features of each block and the context
window size is 2. As the global features is too coarse for segmentation task, using our
more representative feature bank leads the LSTC-2 model to outperform G+RCU
by a large margin (8.4%mloU). 3DRNN [123] can also be regarded as an instance
of our framework, which unrolls the point-wise features of each block to form the
feature bank and the context window size is 3. Although 3DRNN using more detailed
and larger-range context, our LSTC-2 model still makes a marginal improvement
in overall performance (+0.06%mloU) and is superior in several difficult categories

like column and bookcase.

Besides, since our feature bank isn’t optimized in the training stage for the
segmentation task, it is convenient for the LSTC model to capture the context in
an arbitrary long-range with only a little extra computational cost in the fusion
module. Specifically, the number of parameters of the LSTC models increases by
18.7% over PointNet++ (from 968,942 to 1,150,126). This advantage is remarkable

in terms of limited computational resources.

3.3.4 Qualitative Results and Discussions

The qualitative experimental results of our models applied to S3DIS are shown in
Figure 3.3. To clearly demonstrate the quality of the segmentation results, we pro-
vide both the segmentation results and difference maps compared with the ground

truths.

Robust to abnormal features. We can note from Figure 3.3 that the seg-
mentation results of our baseline model PointNet++ [74] contains many unsmooth
predictions on object parts with abnormal features or ambiguous structure. For
example, PointNet++ misclassifies many points of the wall part with blue marks
in the first sample, the wall part with stain in the third sample and the windows

in the last sample. Since PointNet++ does not consider the interaction of local
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Figure 3.3 : Visualization of segmentation results on S3DIS. Top to bottom: (a)
point cloud, (b) ground truth, (c¢) prediction of PointNet++ [74], (d) differences
between ground truth and prediction of PointNet++, (e) prediction of our LSTC-1
model, (f) differences between ground truth and prediction of our LSTC-1 model, (g)
prediction of our LSTC-2 model, (h) differences between ground truth and prediction
of our LSTC-2 model. In rows (d), (f) and (h), yellow points indicate incorrect

predictions.
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features within a spatial distance, it is easy for PointNet++ to make mistakes on
these abnormal parts of objects. Our LSTC models can slash these errors by exploit-
ing contextual information and leveraging the interaction of local features. We can
observe that our LSTC-1 model reduces the errors on objects parts with abnormal
features or ambiguous structure, and generates more smooth segmentation results
than PointNet++ by exploiting only the short-term context within the task block.
When increasing the context window size to exploit the long-short-term context, our
LSTC-2 model can further reduce these errors and obtain the best performance on

most categories.

Refinement on boundary regions. Besides, we also observe that our models
can improve the predictions of the boundary regions of objects. We can see from
Figure 3.3 that the baseline model PointNet++ misclassifies many points in the
boundary regions between adjacent objects, such as the boundary regions between
walls and ceilings, the boundary regions between walls and doors, the boundary
regions between walls and bookcases, and the boundary regions between walls and
windows. Our LSTC-1 model and LSTC-2 model improve the segmentation pre-
dictions of the boundary regions in most of the shown point cloud samples. This
demonstrates that our method can learn more discriminative feature representa-
tions by fusing contextual information and enhancing the local features with related

contextual features.

3.4 Conclusions

This chapter presents LSTC, a novel 3D point cloud semantic segmentation
framework to enable existing segmentation methods to capture long-range spatial
dependencies. We show that using the proposed long-short-term feature bank leads
the baseline model to a significant performance gain, with only spends a little extra

computational cost. It is reasonable to suppose that a better feature bank can result



in better performance.
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Chapter 4

Weakly-supervised 3D Keypoint Detection for
Point Cloud Registration

4.1 Introduction

We describe a fully-supervised framework for 3D point cloud semantic segmen-
tation in the previous chapter, which requires point-wise fully annotated datasets
for training. However, designing such point-wise fully annotated 3D datasets is
extremely expensive, much more than the cost of 2D due to the large scale and
annotating difficulty of 3D data. Therefore, it is highly necessary to develop weakly-

supervised methods that do not require fully annotated datasets for 3D vision tasks.

In this chapter, we aim to develop a weakly-supervised 3D keypoint detection
method applied to the point cloud registration task. 3D keypoint detection is an
essential part of various 3D scene understanding tasks, including 3D reconstruction,
3D object recognition, 3D shape retrieval. The goal of 3D keypoint detection is to
pursue a repeatable and distinctive 3D local representation from 3D data, e.g., point
cloud and 3D mesh, which can be used to establish correspondences between 3D
surfaces. Although more and more researchers have been working on 3D keypoint
detection in recent years, it’s still an open research topic. Since a point cloud is
composed of a group of discrete points having nonuniform densities, it is challenging
to define what keypoints are in a 3D point cloud. In addition, it’s impossible for
people to manually label the position of a keypoint in a 3D point cloud. Lack of
annotated datasets limits researchers from leveraging powerful supervision learning

methods on 3D keypoint detection.
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Lots of relevant research focuses on 3D local descriptors but does not address the
detection of keypoint positions. So far, many 3D descriptors have been proposed.
[48, 78, 97| use histograms to estimate the similarity of keypoints by figuring out the
number of points falling in every spatial bin or by taking into account the surface
normal property. These methods are designed for specific applications, and it’s hard
to extend to new scenes. [125, 82] learn 3D local features by making use of a Siamese
3D CNN and has made significant progress. They both take pairs of 3D local patches
as input. Therefore, dense keypoint annotations are required, labeling a collection
of matched 3D local patches. During training, they create pairs of matching local
patches as positives and pairs of non-matching ones as negatives, fed to their loss
functions to optimize the networks. Eventually, they learn the 3D ConvNet-based

descriptors.

For keypoint detector, it’s common to use a hand-crafted saliency function by
combining the domain knowledge, or uniformly selecting some local patches and tak-
ing their centers as keypoint. Differently, [98] proposes a descriptor-specific keypoint
detector, which casts 3D keypoint detection as a classification problem in terms of
whether the points can be matched by a pre-defined 3D descriptor. The perfor-
mance of this method depends on the pre-defined 3D descriptor. However, learning
an excellent 3D descriptor needs a large amount of annotated keypoints, and thus

causes a chicken-egg problem.

In this work, we explore whether one can simultaneously learn a 3D keypoint
detector and feature extractor in a unified framework. Inspired by [25], which de-
tects keypoints and learns keypoint features from depth images by an end-to-end
framework, we present a KeyPoint Siamese Network based framework (KPSNet) to
simultaneously detect 3D keypoints and learn their feature representations directly
from 3D point clouds. The KPSNet receives as input pairs of point clouds and

their relative rigid transformation matrix. Each branch of the KPSNet contains a
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keypoint detection sub-network to predict keypoints and a feature extraction sub-
network to learn 3D features. These two branches are the same. We design an
alignment module to establish correspondence between the two branches in order to
jointly optimize the whole network. In other words, the alignment module generates
pairs of matching and non-matching samples and labels them on-the-fly. Then we
train the network to minimize the distance between matched pairs in feature space

and maximize the distance between unmatched pairs.

In the following, we introduce in detail the proposed framework in Section 4.2,
including the architecture, training, and joint optimization. Then we present the
implementation results in Section 4.3. At last, we summarize the advantages and

limitations of the proposed weakly-supervised method in Section 4.4.

4.2 Methods

4.2.1 Architecture of KPSNet

As shown in Figure 4.1, we demonstrate the whole architecture of our proposed
KPSNet. Each branch takes an entire point cloud, P™, where m € {1,2}, as input
and contains a keypoint detector and a feature extractor. It firstly generates N
point clusters from the point cloud similar to [74, 44]. We consider the centroids
of these point clusters as candidates of the keypoints (the red points) and define
the corresponding point clusters as their feature support regions (the yellow balls).
These candidates, along with their feature support regions , are fed into the keypoint
detector and the feature extractor, respectively. The keypoint detector contains two
multi-layer perceptions (MLPs) modules [72] and a max pooling layer. For each
input point cloud, the keypoint detector outputs a vector s™, signifying the proba-
bility of each candidate being a keypoint. The feature extractor contains three MLP
modules with skip link feature concatenation. It outputs feature representations f™

of the candidates x™. The keypoint detector and the feature extractor share the
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Figure 4.1 : Architecture of our KPSNet. Our KPSNet takes pairs of point clouds
{P', P?}, associated with the weak labels T' (i.e. their relative rigid transformation
matrices), as input and generates N candidates from each input point cloud. These
candidates (the red points), along with their support regions (the yellow balls), are
fed into a MLP module (MLP(64,128,256) denotes there are three convolution layers
in this MLP module and the number of filters are 64, 128 and 256 respectively),
followed by a max pooling layer. The keypoint detector branch generates predictions
s™ of each candidate, while the keypoint feature extractor branch generates features
of each candidate. For each input point cloud, we pass the predictions s and labels
[™ generated from the alignment module to the score loss £;. The features from both
two input point clouds f' and f* are organized into pairs F' = {F'|n=n = 1,..., N},
along with the generated labels I’ of all pairs F”, are used to compute the contrastive
loss L.. It is worth noting that the weights from the two branches of our KPSNet

are shared. More details on the notations are introduced in Section 4.2.2.

first MLP module M LP(64,128, 256).

These two branches of our KPSNet share all structures and weights and are linked
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by an alignment module. The alignment module establishes the correspondence
between the two sets of candidates using the known rigid transformation matrix T,
thereby generating positive and negative pairs of samples {F’,I'}. These pairs of
samples are transferred to a contrastive loss L. to optimize the network, so that
the positive pairs are close to each other and the negative pairs are far from each
other in the feature space. In addition, the alignment module also generates a label
for each candidate, forming a label vector [™, where m € 1,2 for all candidates
from each input. The score loss £, uses these labels, [! and /2, to lead the keypoint
detector to find as many keypoints as possible. Apparently, our proposed method
does not require separately annotated keypoints or local patches pairwise, which is

cost-saving and easily extended to new scenes.

4.2.2 Model Training

The proposed KPSNet takes pairs of point clouds { P!, P?} and their weak labels
T, their relative rigid transformation matrices, as input. Each pair of point clouds
must have some overlap. From each point cloud, KPSNet generates a set of candi-
dates, K™ = {(x", s"", £")|n = 1,..., N}, where m € {1,2} corresponds to the pair
of point clouds, N is the number of candidates, X" = (2, y"", z™") are the 3D coor-
dinates of the points, s7" is the output of the keypoint detector which signifies the
probability of the candidate being a keypoint, and f" is the corresponding feature

vector.

The Alignment Module Considering the point cloud registration task, we
desire that a keypoint should be repeatable and distinctive. To be specific, if a
keypoint is detected somewhere in one point cloud, then we desire that it can always
be detected no matter what transformations are performed on the coordinate system
of the point cloud. In addition, for two different point clouds with different densities

and coordinate systems, keypoints are expected to be found in their overlapping
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region as many as possible. Under this scenario, we design the alignment module
to establish the correspondences between the two sets of candidates and generate

labels on-the-fly for training the whole model.

The alignment module receives the coordinates and feature vectors of the two
sets of candidates,{x', f'} and {x?, f*}. It firstly transforms x' and x> to the same
coordinate system using the given rigid transformation matrix 7" and calculates the
Euclidean distance between any two points from x!,x? respectively. Then for each
candidate x;(i = 1,...,N), we find the closest candidate sz(j = 1,..,N) on the
basis of the Euclidean distance and generate the n'* pair of features F!, = (fj, f?)
The pair of features F) is treated as a positive pair, i.e. I/, = 1, in case the distance
between x; and x; is under a small threshold 7, denoted as d(x;,x7) < 7. At the
same time, we take x; and X7 as the positive samples of P' and P? respectively for
training the keypoint detection sub-network and denote as Ij =I5 = 1. Otherwise,
we label F), x; and X} as negative, denote as I}, = I} = [ = 0. By doing so, we get

the required labels for training the keypoint detector and the feature extractor.

Joint Optimization We aim to simultaneously learn a keypoint detector and
a feature extractor for point cloud registration. As mentioned above, the desirable
keypoints should have properties like repeatability, view-invariant and distinctive.

To achieve this objective, we present the following multitask loss similar to [25]:

L({K', K*}) =aLl, (F',I') + BLL (s, 1Y) + BL2 (%, 17), (4.1)
where F' = {F!|n =1, ..., N} is the set of feature pairs generated by the alignment
module, I’ = {l/|[n = 1,..., N} is the set of labels of F', s = {sl|n = 1,..., N},
s> = {s%|n = 1,..., N} are outputs of the keypoint detector and I!,[? are labels of

12

s+, s%, respectively. «, 8 are weighted factors. L. is the improved contrastive loss

that optimizes over the feature representation of pairs of the keypoints. Its basic
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principle is to minimize the feature distance of positive pairs and to maximize the

feature distance of negative pairs. We define the contrastive loss as follows:

a8 = £ X (L 6 max (0.6 — £}~ £])°

Z =1
F' ) === 4.2
Lo (F,1) 2N 05 2Npeg , (42)

where, Np,s and Ny, are the number of positive and negative pairs, respectively. N
is the total number of pairs of samples, i.e. N = Npos+Npey. 0 is a margin to control
the lower bound on the distance between negative pairs. Here, we conveniently
denote f;,fi as the n'* feature pair. Considering the class sizes of positive and
negative pairs are imbalanced, we normalize the contribution of each class to the
loss by their number proportion. We should notice that N is also equal to the number
of keypoint candidates that generated from each input point cloud. In general, NV is
set to much less than the number of points in each input point cloud for effective and
efficient computation. A larger N will result in more similar keypoint candidates

with their support regions highly overlapped, which helps little to the model learning

but increases much computational cost.

LT is the score loss of the prediction from the keypoint detection sub-network.
As it’s hard to define what a keypoint should be like, in this paper, we take task-
specific keypoints as the objective. In other words, we train the keypoint detection
sub-network to select points for which we can find positive correspondence between
two point clouds taken from different positions. So we only consider the positive
points and want to detect as many as positive keypoints as we can. Thus, we define

the score loss as follows:

AN I log s 41
Npos + 1 ’

Lm(s™,Im) = (4.3)

where m € {1,2} corresponds to the pair of input point clouds, v is a regularization

parameter.
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4.3 Experimental Setup and Results

4.3.1 Datasets and Experimental Settings

Datasets. We use several open-source RGB-D reconstruction datasets collected
by [125] to design our training samples with weak labels for training. These RGB-D
datasets are SUN3D [114, 31], 7-Scenes [85], RGB-D Scenes v2 [52], BundleFusion
[18] and Analysis by Synthesis [99]. In total, these datasets contain 62 scenes, each
scene containing one or more RGB-D video sequences. Same as [125], we split these
scenes into 54 scenes for training and 8 scenes for testing. In order to train our model,
we need to construct the point cloud dataset with weak labels. We firstly create
a series of 3D point clouds from the RGB-D video sequences of all training scenes.
Each point cloud is reconstructed and integrated from 50 depth frames. Then we
prepare our training dataset by creating pairs of overlapped point clouds, along
with their rigid transformation matrices, following the method of constructing the
3DMatch geometric registration benchmark dataset. To obtain relatively balanced
positives and negatives for the proposed framework, we filter pairs of point clouds
whose overlapping regions are too small (less than 30% of both two point clouds) or
too large (more than 70% of either of two point clouds). In total, we collect 22.8K
pairs of point clouds to form our training dataset, and the weak label of each pair
is defined as the corresponding rigid transformation matrix. We use the geometric
registration benchmark dataset provided by [125] as our testing dataset, which is

constructed from the 8 testing scenes listed in Table 4.1.

Experimental Settings. In our experiment, each input point cloud is pre-
processed to contain 10000 points. The number of generated candidates in each
point cloud N is set to 512 for training, and 1024 for evaluation unless otherwise
specified. The support region of the candidate is set to a ball with a radius of 0.2m.

The threshold 7 used in the alignment module is set to 0.05m .The weighted factors
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a is set to 0.5, and S is set to 0.2. The margin 6 and the regularization parameter

~ are both set to 0.5.

Evaluation Metrics. In order to validate our method, we apply the 3D key-
points generated by the well-trained KPSNet to the point cloud registration task,
and evaluate on the geometric registration benchmark dataset. More specifically,
given a 3D point cloud from the testing dataset, we use the well-trained KPSNet
to predict the coordinates and feature representations of a set of 3D keypoints.
Then a nearest neighbor matching is performed on them and finally RANSAC
method is used on these obtained nearest neighbor matches for estimating a us-
able rigid transformation between every two point clouds implemented by 3dmatch-
toolbox (https://github.com/andyzeng/3dmatch-toolbox). We should note that
the number of RANSAC iterations is limited to 5000 and we do not perform any

subsequent refinement like using Iterative Closest Point (ICP).

We use two evaluation metrics, recall and precision, same as 3DMatch [125]. The
evaluation metrics are computed as follows: For a pair of non-consecutive testing
point clouds (P?, P?), where P’ is smaller than P7, this pair is valid only if their
overlap in alignment covers at least 30% of P’. Then we can get the ground-truth
rigid transformation matrix 7;; of that pairs and the set of point-to-point ground-
truth correspondences K7;. The estimated rigid transformation matrix Tij associated
with (P?, PY) is positive if at least 30% of Tj; P overlaps with P7. If a positive T}; can
align the ground-truth correspondence pairs, then it is a true positive, formulated
as FEq.(4.4),

1 -
= S |Tye - | < €2 (4.4)

EANCIN IS

where K, denotes the set of point-to-point ground-truth correspondences of point
cloud pair (P, P/) computed using the ground-truth rigid transformation matrix

T;j, ¢ and ¢’ denotes the matched two points respectively. £ is a threshold and set


https://github.com/andyzeng/3dmatch-toolbox
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Table 4.1 : Overall performance on 3D-match benchmark. Recall and precision are

computed across all scenes. Bold fonts mark the top performance.

Spin Images [48] SHOT [79] FPFH [78] USC [97] Ours
Recall 0.34 0.27 0.40 0.43 0.46
Precision 0.18 0.17 0.22 0.27 0.29

to & = 0.2 meters in all experiments. Finally, the metrics of recall and precision are

computed on each scene of the benchmark dataset for evaluation, respectively.

4.3.2 Performance on 3DMatch Benchmark

We combine the 3D keypoints generated by our KPSNet with RANSAC to form
our KPSNet-based point cloud registration approach and run pairwise point cloud
registration on every pair of point clouds from the 3DMatch benchmark dataset.
As our KPSNet are trained without using point-wise 3D keypoints annotations,
we compare the registration results using the presented KPSNet against the hand-
crafted baselines that plug the hand-crafted descriptors of Spin Images [48], SHOT
[85], FPFH [78], USC [97] into the RANSAC based point cloud registration pipeline.
These baselines are all based on hand-crafted 3D local feature descriptors, therefore,
do not require 3D keypoints annotations. The 3DMatch benchmark dataset consists
of point clouds from eight scenes, one from 7-scenes [85], and the others from SUN3D
[114] datasets. We report the overall recall and overall precision across all scenes in
Table 4.1. As observed from Table 4.1, our proposed KPSNet outperforms all the
hand-crafted methods in overall recall and overall precision. We also provide the
recall and precision on every scene in Figure 4.2. We can see, from Figure 4.2, our
KPSNet obtain the first place of recalls on three scenes of Red Kitchen, hotel and

Study Room. We also observe the recall of our KPSNet on the scene of Hotel3 is less
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Figure 4.2 : Per-scene performance on 3DMatch benchmark. There are eight scenes

in the testing dataset. Red Kitchen comes from [85], and the rest seven scenes come

from [114].

than the highest recall achieved by FPFH [78] by a large margin of 0.23. The main
reasons may be that: 1) point clouds in Hotel3 are not as compact as other scenes,
which results in that only a small number of keypoints generated by our method
are distributed in the overlapping area of the two point clouds to be registered,

thereby more susceptible to incorrect keypoints; 2) point clouds in Hotel3 contain
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many similar or repetitive structures, such as bed and wall, making our keypionts
less distinctive. These two factors cause our method to perform suboptimally in
Hotel3. However, our KPSNet performs best on average recall across all scenes,
which demonstrates the robustness of our method. As for the precision, our KPSNet
obtains the first place on four scenes and the second place on the rest scenes. Overall,
our method obtains a competitive performance on all scenes. We should also notice
that we only use 1024 candidate keypoints to obtain these results. Generally, the
precision increases with the number of keypoints. Therefore, it is for sure that
with more keypoints and more iterations, our proposed KPSNet can achieve more

remarkable performance.

4.3.3 Qualitative Results and Discussions

Point Cloud Registration Results. To validate our KPSNet, we combine
our KPSNet and RANSAC to process the point cloud registration task. Figure 4.3
visualizes the point cloud registration results in eight scenes of 3DMatch benchmark
testing datasets. i) Robust to overlapping ratios. As exposed in Figure 4.3, the given
two point clouds are overlapped in various ratios. In general, small overlapping ratios
will increase the difficulty of point cloud registration using hand-craft keypoints,
because smaller overlapping ratios result in more keypoint candidates located in
non-overlapped regions, harmful for the estimation of transformation matrix. Using
our KPSNet can achieve excellent point cloud registration results for point clouds
with various overlapping ratios, even though very small overlapping ratio, such as
the third group of the right sub-figure of Figure 4.3. This is due to our leaned
keypoint detector, which predicts the probability of a keypoint candidate being in
the overlapped regions, and helps to remove keypoints with low confidence. This
demonstrates our KPSNet is robust to overlapping ratios. ii) Robust to geometric

structure. Registering two point clouds that have simple geometric structure with
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Figure 4.3 : Visualization of our KPSNet applied for point cloud registration. The
visualized results are shown in groups of three plots. The first two of each group are
two different point clouds to be registered. For clarity, two separate point clouds
shown in this figure have been rotated to registered orientations. The third plot

shows the registration result.

few variations is challenging. The reason is that keypoints located in regions with
complex geometric structure are usually more discriminative than the ones located
in regions with less variations in geometry. For example, two different points on the
same plane usually have similar features when appearance information is not used,
which often leads to the failure of point cloud registration. Our KPSNet can address
this challenging scene, such as the forth group of the left sub-figure of Figure 4.3.
Of cause, for more easier scenes that have distinct geometric structure, such as the
first group in the left sub-figure of Figure 4.3, our proposed KPSNet can achieve

perfect point cloud registration results. This observation demonstrates our KPSNet
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Figure 4.4 : Visualization of keypoint features extracted by our proposed KPSNet.
The visualized results are shown in groups of three plots. The first of each group
shows two registered point clouds, denoted by yellow and red, respectively, and
the last two plots of the group display their candidate keypoints generated by our
proposed KPSNet, each point is colored by. The first two columns show two diffident

point clouds to be registered. The last columns show the results after registration.

is robust to geometric structure and can generate discriminative keypoints. Overall,
our KPSNet can work on challenging scenarios with various overlapping ratios and

various variations in geometry.

Visualization of Keypoint Features. To intuitively understand and evaluate
our KPSNet, we visualize the keypoint features extracted by our KPSNet in Fig-
ure 4.4. Specifically, for each pair of point clouds, we use our KPSNet to generate
their keypoint coordinates and keypoint features. And then we make use of t-SNE

[100] to project the extracted 64-dimensional keypoint features into one-dimensional
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vectors, and encode the one-dimensional vectors to generate keypoints’ colors for vi-
sualization, same as [16]. Therefore, keypoints rendered with similar colors have
similar features. Here, we generate 3000 keypoint candidates for each point cloud
and visualize all these keypoints without using our keypoint detector to filter them,
in order to show the keypoint locations in the original point clouds more clearly and
identify their matching keypoints. Please note that in other experiments, we only
generate 1024 keypoint candidates. As shown in Figure 4.4, most of the matched
pairs of keypoints have the same or very similar features, and unmatched pairs are
different in the feature space. Figure 4.4 shows several challenging scenes. For
example, the give point cloud pairs are with various overlapping ratios, and some
overlapping regions only contains partial objects or are in very simple geometric
structures. This demonstrates the effectiveness of our KPSNet on learning discrim-

inative keypoint features.

Failure Analysis. In Figure 4.5, we show cases with poor point cloud registra-
tion results applying our proposed KPSNet. In this part, we delve deeper into these
poor or failed cases for the improvement of the follow-up works. Looking at the first
two columns of Figure 4.5, for these two cases, the given two pairs of point clouds
are almost registered, but their estimated transformation matrices are not accurate
enough. We can observe there are offsets between the walls and the floors in the
first case and there is a small angle deviation in the second case. For the first case,
the corresponding colored plots of their keypoint features show that most matched
keypoints are located in planes with similar features, such as the walls, and rare
matched keypoints are located in the corner or boundary regions, which are usually
with distinctive features. As a result, it is easy to estimate poor transformation
matrix by RANSAC. The same problem exists in the second case. In addition, some
distinctive keypoints located in the corner are wrongly matched, which results in

the errors in rotation angle estimation. The last two columns display two failed
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Figure 4.5 : Cases with poor point cloud registration results applying our proposed

D

KPSNet. The first two columns show two different point clouds to be registered.
The third column show our point cloud registration results. The last two columns
visualize the keypoint features of the two given point clouds, respectively. Keypoint

features are colored same as Figure 4.4.

registration cases. From their corresponding plots of keypoint features, we observe
many keypoints are wrongly matched, resulting in wrong transformation matrix by
RANSAC. Looking at the two failed cases, we observe at least one of the give point
clouds have several similar corners within a small spatial range. Only depend on the
local regions to extract keypoint features are not enough to identify them. There-
fore, the potential direction to improve our method is to explore longer-range spatial

contextual information to learn more discriminative keypoint features.
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4.4 Conclusions

This chapter introduces a novel and unified KPSNet framework to simultane-
ously learn a task-specific keypoint detector and feature extractor for point cloud
registration. We designed a novel strategy to generate required labels during train-
ing by using the indirect ground truth of the point cloud registration task, which
avoids the costly manual keypoint annotation. To train our proposed network, we
introduced a multitask loss function and jointly optimized the keypoint detector and
feature extractor. Experimental results on public datasets show that our approach
is rather competitive than other 3D keypoint feature extraction methods for the 3D
point cloud registration task. Next step, we further improve the novel methodology

by adding more context information and adapting it to outdoor scenes.
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Chapter 5

Weakly-supervised Point Cloud Semantic
Segmentation with Coarse-grained Labels

5.1 Introduction

Supervised deep learning has achieved impressive results in 3D point cloud seg-
mentation, but it requires a large amount of annotated data [72, 74, 59, 91, 112, 95].
However, designing such fully annotated datasets involves a significant effort in terms
of data cleansing and manually labeling, especially the point-level annotations. To
reduce the data-labeling cost, researchers have made various efforts recently. Most
researchers develop self-supervised learning methods to learn general feature repre-
sentations, and then use fewer labels to fine-tune the networks of the downstream
segmentation task [58, 32, 80, 115, 94]. Although these methods make great suc-
cesses in object part segmentation (ShapeNet [7]), their effectiveness for real-world
semantic segmentation with fewer labels has not been demonstrated. More recently,
a few works focus on real-world semantic segmentation with partial labeled points
(see Figure 2.5(b)), e.g. 10%, 1% and 1pt (one labeled point per category in each in-
put sample) [119, 127], and achieve impressive results in different scenarios including
indoor and outdoor. The above efforts make considerable reductions in data-labeling

costs, but the point-level annotating is still inevitable.

To further slash the cost and difficulty of manually annotating, one solution is
to develop weakly-supervised methods, which only use easy-to-get coarse labels, e.g.
cloud-level labels denoting existing semantic categories, as shown in Figure 2.5(c).

The feasibility of applying weakly-supervised methods has been practically proved
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in 2D image semantic segmentation field [49, 126, 130], but it has not been well stud-
ied in the area of point cloud semantic segmentation. To the best of our knowledge,
[109] is the only work to address point cloud semantic segmentation with cloud-level
weak labels. It follows the general two-stage pipeline of weakly-supervised methods
in 2D image segmentation. Specifically, it first trains a classification network with
cloud-level weak labels, from which the Point Class Activation Maps (PCAMs) are
extracted for generating point-level pseudo labels. And then, it follows the training
style of fully-supervised learning to retrain a more complex semantic segmentation
network using the produced pseudo labels. After training, only the semantic seg-

mentation network is applied to predict the final segmentation results.

As a pioneer of applying only cloud-level weak labels for point cloud semantic
segmentation, [109] presents a successful attempt. However, it focuses on generat-
ing pseudo-labels from cloud-level weak labels, and may not further consider how to
make better use of the generated pseudo-labels. The reasons are: 1) noises cannot
be eliminated in the generated pseudo labels. Intuitively, it is impossible to
generate perfect pseudo labels automatically in the first stage; otherwise, the sec-
ond stage is unnecessary. Practically, classification networks trained with cloud-level
weak labels can only produce coarse and inaccurate discriminative object localiza-
tion, which results in noisy pseudo labels, especially in the boundary regions (e.g.,
regions in red rectangles in Figure 2.5(c)). 2) noisy labels will result in the
segmentation network being trained suboptimally and, in turn, degrade
the segmentation performance. For fully-supervised learning methods, the more
noises existing in point-level pseudo labels, the worse the model and the poorer the

performance will be.

Therefore, in this work, we address this problem from two aspects: 1) How to
effectively reduce noises and preserve enough useful information from the gener-

ated pseudo labels? 2) How to alleviate the impact of noisy labels during training
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semantic segmentation networks?

We present a novel weakly-supervised point cloud semantic segmentation method
using coarse cloud-level labels only. In Phase-1, we first train a classification network
using the weak labels, generating the point-level pseudo labels. Then, in order to
remove the noises in the generated pseudo labels, we add a pseudo label selection
module to select the pseudo labels with high confidence for Phase-2. In Phase-2,
instead of a simple fully-supervised fashion, we train the semantic segmentation
network via a three-branch framework to alleviate the impact of noisy labels. To be
specific, a segmentation branch using only the selected pseudo labels alleviates the
impact of noisy labels to a certain degree; a Siamese branch exploits the inherent
characteristics of point clouds and does not use any labels, which further reduces
the impact of noises and improve the robustness and expressiveness of the semantic
segmentation network; a multi-label classification branch uses the cloud-level labels

to implicitly enhance the learning of the semantic segmentation network.

The proposed weakly-supervised point cloud semantic segmentation method has
some appealing characteristics. On the one hand, it learns 3D semantic segmenta-
tion by making use of only cloud-level weak supervision. This makes data annotation
faster and simpler than strong and partial point-level supervision that requires care-
ful annotation of points on the point cloud. This weakly supervised 3D semantic
segmentation approach not only offers an opportunity to reduce the intense need
for oversight in the field, but also offers potential commercial benefits. On the
other hand, it presents an effective and efficient method to deal with the low-quality
pseudo labels, which is compatible with any pseudo-label generating methods and
improves the performance of weakly-supervised point cloud semantic segmentation

approaches.

Our major achievements of this work are summarized as follows:
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e We propose a novel weakly-supervised point cloud semantic segmentation
method using coarse cloud-level annotations, which highly reduces the an-

notating cost.

e We introduce a pseudo label selection module and a three-branch semantic
segmentation framework, which can lessen the impact of noises in pseudo la-
bels, as well as improving the robustness and expressiveness of the semantic

segmentation network.

e Experimental results on two benchmark datasets indicate that the proposed
approach is superior to the advanced weakly-supervised point cloud semantic
segmentation approaches. Moreover, our method shows comparable results
with some fully-supervised methods, which encourages future research on point

cloud segmentation with only coarse cloud-level annotations.

In the rest, we present the overview of the proposed pipeline in Section 5.2, as
well as giving the details of Phase-1 and Phase-2. We present our implementation
details and experimental results in Section 5.3. At last, we give the conclusions in

Section 5.4.

5.2 Pipeline for Weakly-supervised Point Cloud Semantic
Segmentation

Our weakly-supervised point cloud semantic segmentation method aims to train
a point cloud semantic segmentation model using coarse cloud-level labels. As shown
in Figure 5.1, our framework comprises two phases: pseudo label generation with
cloud-level weak annotations (Phase-1) and semantic segmentation network learning
with pseudo labels (Phase-2). In Phase-1, we firstly generate point-level pseudo
labels with the given coarse cloud-level labels, as shown in Figure 5.1 (a). We notice

that the pseudo labels involve many unavoidable errors, which can be considered
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Figure 5.1 : Overview of our weakly-supervised point cloud semantic segmentation
method. The black arrows indicate the training flow and the blue arrows indicate
the inference flow. During training, (a) Phase-1 generates point-level pseudo labels
with cloud-level weak labels by a pseudo label generation module, and then uses
the pseudo label selection module to get selected pseudo labels. (Grey color in the
Selected Pseudo Labels marks unlabeled points.) (b) Phase-2 retrains a semantic
segmentation network via a three-branch framework with the selected pseudo labels.
When inference, only the segmentation model learned in Phase-2 is used to produce

predictions.

as noisy labels. In order to lessen the impact of the noises existing in the pseudo
labels, we introduce the pseudo label selection module, which selects pseudo labels
with high confidence. In Phase-2, we develop a three-branch framework to train a

semantic segmentation network using the selected pseudo labels, shown in Figure 5.1
(b).

Worthy of mention, the two-stage processing is only applied during training.
During inference, given a point cloud, only the semantic segmentation network

trained in Phase-2 is utilized, so the inference is efficient. In the next subsections,

we will describe the two phases in detail.
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5.2.1 Phase-1: Pseudo Label Generation With Cloud-level Weak Anno-

tations

Given coarse cloud-level labels, the goal of Phase-1 is to generate reliable point-
level pseudo labels. The used coarse cloud-level labels only annotate the semantic
classes that exist in a given point cloud. As shown in Figure 5.1, Phase-1 contains

Pseudo Label Generation Module and Pseudo Label Selection Module.

Pseudo Label Generation Module

The pseudo label generation module aims to train a model using weak labels to
generate initial point-level pseudo labels. We follow MPRM [109] to build our pseudo
label generation module. Since the used weak labels only contain the information
of a class existing in a given point cloud or not, MPRM trains a classification net-
work. It uses KPConv [95] as the backbone network, and introduces the Point Class
Activation Map (PCAM) to produce localization cues on the input point clouds.
Besides, in order to mine more discriminative regions for PCAMs to determine class
information, the MPRM module is introduced. To be specific, the MPRM module
uses three kinds of attention mechanisms to produce three PCAMs with different
discriminative regions. These PCAMs, plus a plain PCAM, are merged and upsam-
pled to form the point-level pseudo labels. The detailed procedure can be found in

[109).

Pseudo label selection module

As the pseudo labels are usually of poor quality, they are not suitable to directly
as the semantic segmentation results. We need to retrain a semantic segmentation
model using the produced pseudo labels, in order to get a better segmentation
results. However, the incorrect predictions (also called noises) existing in the pseudo

labels make the segmentation network not so efficient. To reduce the impact of the
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noises, we introduce a pseudo label selection module.

We define M. (p) as the upsampled final PCAM of point cloud p for class ¢, where
¢ =1{0,...,C —1},C is the number of classes. We add a softmax operation on the
upsampled final PCAM across all classes, then the feature vector f; € M.(p) of
point ¢ is with length C'. Each element in f; is the corresponding class predicted
probability, and we take this value to be the confidence of the predicted pseudo
label for point 7 in class ¢. After gathering statistics of feature vectors, especially
the incorrectly predicted ones, we find out that when the point scores of different
classes are slightly different, the network is actually confused but still chooses the
largest one corresponding to a class label. Therefore, we use a threshold 6 to keep
highly reliable points (i.e., confidence probability higher than ) as labeled points,
whose labels are generated from the pseudo labels, and consider the rest points as
unlabeled points. For convenience, in the implementation, we maintain a mask M
for each point cloud to mark the selected points. Without notification, the threshold

is frozen in all experiments.

5.2.2 Phase-2: Semantic Segmentation Network Learning With Selected

Pseudo Labels

After generation of the pseudo labels and the application of the pseudo label
selection module, the points in a point cloud can be grouped into two classes: la-
beled and unlabeled. Instead of simply training a semantic segmentation network
as the same as supervised learning methods with only the selected pseudo labels,
we develop a three-branch framework to train the semantic segmentation network.
The proposed three-branch framework not only leverages the selected pseudo labels,
but also exploits the inherent characteristics of point clouds to assist in learning the
semantic segmentation network. As shown in Figure 5.2, our retraining phase con-

tains three branches: Segmentation Branch, Siamese Branch, Classification
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Figure 5.2 : Architecture of the three-branch framework in Phase-2. The segmenta-
tion network is an encoder-decoder architecture. The colored arrows (orange, green,
blue) demonstrate the proposed three branches, Segmentation, Siamese and Clas-
sification Branch respectively. M is a mask denoting whether a point is labeled or

not.

Branch.

Segmentation Branch. The segmentation branch receives a point cloud as
input and output its semantic segmentation predictions. It is similar to the fully-
supervised semantic segmentation task, but only applies to labeled points. Specif-
ically, we denote an input sample as X € RV*G+D) where N is the number of
points, 3 denotes the XYZ coordinates and D is defined as the feature dimension
of X. A point cloud is embedded to obtain its features Z € RV*® by a semantic
segmentation network, where C represents the number of segmentation classes. In
this work, the segmentation network is implemented by the KPConvDeform [95]
network. We denote Y € RV*C as the one-hot version of the point-level pseudo
labels of X, where the i-th element y; € R is a on-hot vector that represents the
semantic label of point i. We use a binary mask M € {0, 1} to represent if a point
is labeled or not, i.e., the i-th element m; is 1 for a labeled point and 0 otherwise.

With the generated pseudo labels and the pseudo label selection module, we can
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fulfill the per-point segmentation label Y and mask M for all training point cloud
samples. Therefore, the segmentation loss for the labeled points is defined as:
exp (Zpic)
se - 7 My; Yvic IOg 5.1
)= Z Z Z S oxp ()’ (5.1)
where N is the number of points in a point cloud, B denotes the batch size, K =

> 5w = [[M][1 is the normalization variable.

Reasonability Analysis: 1t is demonstrated that training a segmentation network
with an adequate amount of labeled points, i.e., sufficiently large |[M]];, can yield
close results with its fully-supervised variation [119]. For example, [119] achieves
competitive results using only 10% labeled points. To study the reasonability of
our retraining phase with selected pseudo labels, we evaluate the point-level pseudo
labels under the selection threshold, see Table 5.5. With the threshold used in
our experiments, the proportions of correctly labeled points of all classes are more
than 20%, and the mean proportion of correct labeled points is 37.2%, which is
sufficiently large compared with [119]. We can reasonably infer that the upper
bound of the performance from our segmentation network can be achieved by train-
ing a segmentation network with about 20% manually labeled points. However,
the incorrect labels degrade the performance heavily. To alleviate the impact and
avoid introducing disadvantageous factors, we should start from the data itself to
exploit its characteristics without using pseudo labels. Receiving inspiration from

self-supervised representation learning, we introduce our Siamese branch.

Siamese Branch. The Siamese branch aims to learn good point feature repre-
sentations in a self-supervised fashion, which exploits the inherent characteristics of
the training data and does not introduce labeling noise. For 3D point clouds, one of
the most important characteristics of good feature representations is transformation
invariance. Therefore, for a robust point cloud semantic segmentation network, the

prediction for any point should be invariant under different views. While getting
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the point cloud in different views is equal to applying specific transformations (e.g.,
rotation, flipping) on the point cloud. Hence, if we employ these transformations
to a given point cloud, the predicted semantic labels of the initial point cloud and
the transformed one should be the same. With this assumption, we introduce the

Siamese branch.

As exhibited in Figure 5.2, we firstly apply a random transformation 7" on a given
point cloud X, and form a paired point cloud samples {X, X’}. The Siamese branch
takes {X, X'} as input, passes forward through two shared-parameter networks @
followed by a softmax function g, and generates a paired point-wise predictions
{Z,Z'}. The Siamese loss is designed to force the paired predictions to be consis-
tent. In other words, we aim to minimize the divergence of the paired probabilistic
predictions. In this paper, we choose L2 distance to estimate the consistency for
simplification:

B
- 1 / 2
Lo = TN C zb: 19(Zy) — g(Z'y)|]7, (5.2)

where N defines the number of points in a point cloud, B is the batch size, C

represents the number of classes.

Analysis: Our Siamese branch has two advantages. On the one hand, it explores
more information about the points without labels, which assists in learning better
feature representations, and improve the robustness and expressiveness of the se-
mantic segmentation network. On the other hand, it weakens the impact of the

noisy pseudo labels in the segmentation branch implicitly.

Classification Branch. Our classification branch forms a multi-label classifica-
tion task, which aims to generate the class predictions for a given point cloud. The
classification branch is trained using the class labels of input point clouds, which
derive from the point-level pseudo labels in Phase-1. Specifically, we get the class la-

bels by doing a max-pooling operation to all points: y = max;y,;. We apply a global
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max-pooling layer on the feature embeddings Z to get the class logits, denoting as

z. The loss of the classification branch is:

. _
) 1 _ exp (—Zpc)
1 1- !
Zybc %8 7 + exp (—Zpc) (1) (og (1 +exp (_zbc)>) 7

c

1 B
Lmlc = _B—C’ gb
(5.3)

Analysis: If a class does not exist in a point cloud, the classification branch will
optimize the network so that no points are predicted as that class. As this classifi-
cation branch is applied on both labeled and unlabeled points while the segmenta-
tion branch is only applied on labeled points, it explores more information than the
segmentation branch. Therefore, these two branches complement each other and

promote learning a more expressive network.

The final training objective of Phase-2 is obtained by combining all the three
above losses:

Ltotal = Lseg + )\1Lsia + )\2Lmlca (54)

where A\; and )\, are loss scalars.

5.3 Experimental Setup and Results

5.3.1 Datasets and Experimental Settings
Datasets and Weak Labels Preparation

To assess the performance of the introduced framework, we carry out compre-

hensive experiments on ScanNet and S3DISs.

ScanNet [17] is a large-scale indoor dataset. It was collected from over 707
unique indoor environments. There are 1513 scenes with fully per-point annotations
opening to the public and 100 scenes without any annotations for online testing.

To get the performance on the testing dataset, researchers must submit their test



76

results to an online server (http://kaldir.vc.in.tum.de/scannet_benchmark/).
Each scene is represented as a point cloud, and each point are provided with the
XYZ coordinates and RGB color. This dataset provides 40 class labels, but only
selected 20 classes are used for segmentation evaluation, including walls, floors, cab-
inets, beds, chairs, sofas, tables, doors, windows, bookshelves, pictures, counters,
desks, curtains, refrigerators, shower curtains, toilets, sinks, bathtubs and other fur-
niture. The rest classes are treated as unclassified and excluded from the evaluation.
Therefore, there are many noises (unclassified points) in the ScanNet, as shown in
Figure 5.3. In our experiments, we use the official train-val partition to further
separate the 1513 point clouds, with 1201 point clouds as the training set and 312

point clouds as the validation set.

We prepare our training samples with weak labels as follows: Before training,
we use a grid subsampling strategy to pre-process all point clouds with grid size
dly = 0.04m following the data pre-processing of [95]. During the training stage,
the networks we used receive spherical samples from each point cloud as input.
Therefore, we follow [109] to prepare the training samples and their weak labels
for Phase-1. Specifically, we uniformly sample each training point cloud into several
spherical samples with radius r = 2.0m and sampling interval dl; = 2.0m along each
dimension. We ignore the small spherical samples that contain less than 200 points
for efficiency. Finally, the resulting average number of training samples in each scene
is about 18.4. The weak label of each spherical sample is defined as a 20-dimensional
vector indicating the classes existing in the spherical sample. So each scene only
needs about 18 label vectors to be manually annotated, which costs quite lower than
full point-level annotations required by fully-supervised segmentation methods. For
Phase-2, we randomly sample spherical samples with radius » = 2.0m from all
training point clouds as our training samples. No manual annotations are required

in Phase-2. We use the RGB color plus the constant 1 to form 4-dimensional vectors
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as the input point features for both Phase-1 and Phase-2.

S3DIS [2] is another large-scale indoor dataset. It contains 271 point clouds
with 13 semantic classes. Each point cloud is provided with XYZ coordinates and
RGB values. All point clouds are distributed in six areas. In our experiments, we
adopt results on Area-5 for evaluation, same as [92, 95]. Because the building where
Area-5 comes from does not contain other areas, which is more fair to evaluate the
generalizability performance of approaches. In total, there are 204 training point
clouds and 68 testing point clouds. Please refer to the Section 3.3.1 for detailed

description of the S3DIS.

For the experiments carried on S3DIS, our training samples associated with their
weak labels are prepared as below. Same as the data pre-processing for the ScanNet,
we also use a grid subsampling strategy to pre-process each point cloud with grid size
dly = 0.04m. During the training stage, we uniformly sample each training point
cloud into several spherical samples with radius » = 2.0m and sampling interval
dl; = 1.0m along each dimension for Phase-1. We also ignore the small samples
that contain less than 200 points. Overall, the resulting average number of training
samples is about 17.6. Each spherical sample is manually annotated and represented
by a 13-dimensional vector indicating the classes existing in it. For Phase-2, we
randomly sample spherical samples with radius » = 2.0m from all training point

clouds as our training samples. No manual annotations are required in Phase-2.

Evaluation Metrics. We use the following evaluation metrics in our experi-
ments: IoU of every semantic class and the mean of IoUs over all classes (mloU).

We describe the detailed computations of IoU in Section 3.3.1.

Implementation Detasl

Detailed Network Architecture. We apply KPConv [95] to implement the

networks for both Phase-1 and Phase-2. In Phase-1, we follow MPRM [109] to
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build the classification network for the pseudo label generation module. In Phase-2,
we build our segmentation network according to KP-FCNN provided by [95]. The
encoder consists of four blocks: two normal ResNet bottleneck blocks and two de-
formable ResNet bottleneck blocks. Each block downsamples the points by about
half. The decoder is composed of four nearest upsampling layers and there is a
unary convolution following each upsampling layer. The intermediate representa-
tions from the encoder are concatenated to the corresponding upsampled ones from
the decoder through Skip links. Following the decoder, there is a classifier to predict
the point-wise segmentation results, which is made of a unary convolutional layer

and a softmax layer.

Training Configuration. During training, we use a Momentum SGB opti-
mizer, and set the momentum as 0.98. We set 0.01 as our initial learning rate, and
decay it by 10 every 100 epochs. Our batch size for training is set to 10. For Phase-1,
the classification network is trained for 400 epochs. For Phase-2, our three-branches

network is trained for 150 epochs. The loss scalars are set A\ = \y = 1.

5.3.2 Performance on ScanNet

Quantitative Results on ScanNet Validation Set. In Table 5.1, we re-
port our quantitative segmentation results on the ScanNet validation set. The
baseline model is a standard point cloud semantic segmentation model having the
same encoder and decoder as our semantic segmentation network, trained in a fully-
supervised fashion using all initial pseudo labels. The difference between our baseline
model and the MPRM model [109] is that MPRM adds a CRF post-processing step,
which can refine the segmentation results and improve the performance. We can
note that our model (Ours) is superior to the baseline model by increasing 2.8%
mloU. As for the class-specific IoUs, our model increases the performance on al-

most all classes. This demonstrates our method can reduce the impact of the noises
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Table 5.1 : Segmentation results on ScanNet validation set. We provide the mIoU
(%) and per-class IoUs (%). Bold represents the best results across all listed ap-

proaches.

Setting mloU| wall floor cabinet bed chair sofa table door wind. book. pic. count. desk cur. ref. show. toilet sink bath. other.

MPRM [109]] 43.2 [59.4 59.6 25.1 64.1 55.7 58.7 45.6 36.4 40.3 67.0 16.1 22.6 42.9 66.9 24.1 39.6 47.0 21.2 44.7 28.0

Baseline 42.1 |57.1 61.1 23.6 659 54.0 56.8 47.4 33.5 36.2 59.7 17.7 23.4 372 62.0 244 44.7 46.3 20.6 46.6 23.7

Ours 44.9 159.4 64.8 31.4 67.3 57.1 58.7 48.6 37.5 39.3 68.5 17.6 25.3 40.6 67.5 24.5 49.3 429 21.0 45.6 30.2

existing in the pseudo labels, and therefore learns a better segmentation network.
The reason is the initial pseudo labels includes many incorrect predictions, which de-
grades the performance of a fully-supervised segmentation network. The results also
demonstrate that a well-designed retraining method can get more benefit from the
noisy pseudo labels than pure retraining in weakly-supervised point cloud semantic

segmentation methods.

MPRM [109] reports the performance of the baseline with a CRF post-processing
step, which refines the segmentation results by regularization using low-level fea-
tures, such as the pairwise smoothness constrains on color and geometric space. We
can observe that our model still outperforms MPRM by 1.7% mloU without any
post-processing steps. And on several classes such as floor, table, curtain (cur.) and

shower curtain (show.), our model outperforms MPRM by large margins.

Qualitative Results on ScanNet Validation Set. Figure 5.3 depicts some vi-
sual results by choosing a few representative scenes from ScanNet validation set. As
we can see, our model has the capability to gain visually high-quality segmentation
results of objects existing in a simple environment and have approximate complete
point clouds, such as the chairs, tables and floor in the first row. In addition, our
model can give precise predictions of objects that are in complex environments but

have approximate complete point clouds, such as the tables and the curtains in the
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Figure 5.3 : Visualization of our segmentation results on ScanNet validation set.
From left to right: (a) input point clouds, (b) ground truths, (c¢) predictions of
MPRM* [109], (d) differences between ground truths and (c), (e) predictions of
our proposed method, (f) differences between ground truths and (e). Yellow points
in columns (d) and (f) denote incorrect predictions. Black points are unclassified

points. MPRM* denotes our reproduced results.

second row, and the sofas in the third row.

For objects that are highly occluded and the object parts that are right next
to others, our model produces poor predictions. Note that it is hard to learn good
representations for these objects, even in a fully-supervised fashion; for another
thing, the reliable pseudo labels of those objects or parts are less due to their initial
poor pseudo labels and our pseudo label selection module, which exacerbates the

difficulties in their segmentation.
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Table 5.2 : Comparisons on ScanNet test set. We compare the fully-supervised
(Ful.Sup.) and weakly-supervised (Weak.Sup.) methods separately. The results are
from online benchmark. We provide the mloU (%) and per-class IoUs (%). Bold
fonts represent the best result in weakly-supervised methods, and underlined fonts

represent the best results in fully-supervised methods.

Setting Methods mloU| wall floor cabinet bed chair sofa table door wind. book. pic. count. desk cur. ref. show. toilet sink bath. other.

PointNet++ [74] | 33.9 |52.3 67.7 25.6 47.8 36.0 34.6 23.2 26.1 25.2 458 11.7 25.0 27.8 24.7 21.2 14.5 54.8 36.4 584 18.3
Ful.
TangentConv [91]| 43.8 |63.3 91.8 36.9 64.6 64.5 56.2 42.7 27.9 352 47.4 14.7 35.3 282 25.8 28.3 294 61.9 48.7 43.7 29.8

Sup.

PointConv [112] | 66.6 |81.3 95.3 64.4 75.9 82.2 75.3 58.8 50.4 64.2 69.9 20.3 47.5 56.4 77.9 58.6 754 90.2 66.1 78.1 42.8
(100%)

KPConv [95] 68.4 |81.9 93.5 64.7 758 81.4 785 61.4 59.4 63.2 784 18.1 47.3 60.5 77.2 58.7 80.5 88.2 69.0 84.7 45.0
Weak. MPRM [109] 41.1 |161.6 62.1 28.5 65.0 51.9 59.4 36.9 38.6 30.6 47.5 11.7 8.7 39.6 72.5 33.8 44.3 37.7 18.8 479 25.0
Sup. Ours 42.5(60.2 63.6 32.4 64.7 48.8 55.1 39.8 40.1 36.1 52.2 17.6 7.7 353 71.2 34.0 56.5 37.0 17.5 52.5 28.1

Quantitative results on ScanNet testing set. Our method is also evalu-
ated on the public ScanNet testing set. We submit our predictions to the online
official evaluation server to get the performance and report the segmentation results
in Table 5.2. We compare our method with five leading approaches listed in Ta-
ble 5.2, including one existing weakly-supervised point cloud semantic segmentation
approach [109] and four fully-supervised approaches [74, 91, 112, 95]. Comparing
our method with MPRM [109], we observe our model outperforms MPRM by 1.4%
mloU, and on several categories like window (wind.), picture (pic.) and shower
curtain (show.), our model surpass MPRM by a significant margin, e.g., 5.5% on
window, 5.9% on picture and 12.2% on shower curtain. Although our model per-
forms not better than MPRM on several categories, the gap is small, e.g., 1.4% on
wall, 0.3% on bed. Moreover, our results are without any post-processing steps.
We also notice that, compared with MPRM, our model decreases the performance
on three categories by 3.1% on chair, 4.3% on sofa and 4.3% on desk, respectively.

This may result from the over-filtering of the pseudo labels of those categories by
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the pseudo label selection module. As shown in Table 5.5, the initial pseudo labels
(Phasel) of these three categories used by MPRM are relatively good, achieving
the accuracy of 60.2% for chair, 77.4% for sofa and 72.0% for desk, respectively.
However, after applying the pseudo label selection module, the selected pseudo la-
bels (Our-sel) our model used cover correct labels of 50.8% for chair, 68.1% for sofa
and 45.4% for desk, in terms of the whole training data. The useful supervision
may be over-filtered for some good-performed categories, especially the desk. This
phenomenon also inspires us to further improve the weakly-supervised point cloud
semantic segmentation framework by designing more complex and adaptive pseudo

label selection modules in future work.

KPConv [95] and PointConv [112] are the current state-of-the-art fully-supervised
approaches. Although there is a performance gap between our method and the best
fully-supervised approaches, the gap in several categories is small, such as bed, pic-
ture and curtain. Moreover, with only cloud-level weak labels, our model achieves
better performance than PointNet++ [74], and narrows the gap with other advanced

fully-supervised point cloud semantic segmentation approaches.

5.3.3 Performance on S3DIS

Quantitative Results on S3DIS. Our proposed weakly-supervised method is
evaluated on S3DIS Area-5. As shown in Table 5.3, our approach is compared with
the current advanced fully-supervised point cloud semantic segmentation approaches

and semi-/weakly-supervised point cloud semantic segmentation approaches.

We implement the MPRM [109] by the official code as our baseline model, shown
as MPRM* in Table 5.3. Comparing our model with the baseline model, we observe
that our model (Ours) outperforms the baseline by 0.5% mloU, and our model
consistently increases the IoUs of most categories except for column and board. We

also notice that the performance improvement on S3DIS is incremental compared
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Table 5.3 : Comparison results on S3DIS testing set (Area-5). We group meth-
ods based on their required supervision types: fully-supervised (Ful.Sup.), semi-
supervised (Semi.) and weakly-supervised (Weak.Sup.). We provide the mIoU (%)
and per-class IoUs (%). The results are from publications. Bold fonts represent the
best result in semi-/weakly-supervised methods, and underlined fonts represent the

best results in fully-supervised methods.

Setting Methods mloU |ceiling floor wall beam column window door chair table bookcase sofa board clutter
PointNet++ [74] | 47.8 | 90.3 95.6 69.3 0.1 138 26.7 44.1 643 70.0 27.8 478 30.8 38.1
DGCNN [108] 470 | 924 976 745 0.5 133 48.0 23.7 654 67.0 10.7 44.0 34.2 40.0
Ful.Sup.
TangentConv [91]| 52.8
(100%)
PointWeb [129] 60.3 | 92.0 985 794 0.0 21.1 59.7 348 76.3 88.3 469 69.3 649 525
KPConv [95] 67.1] 928 97.3 824 0.0 239 58.0 69.0 91.0 81.5 753 754 66.7 58.9
Semi.(10%) Xu [119] 48.0 | 90.9 97.3 74.8 0.0 8.4 49.3 273 69.0 71.7 165 532 23.3 42.8
Semi.(1pt) Xu [119] 44.5 1 90.1 97.1 71.9 0.0 1.9 472 293 629 640 159 422 189 375
Weak. MPRM* 477 | 685 725 486 0.0 14.9 49.8 394 74.6 49.8 63.3 674 44.6 27.0
Sup. Ours 48.2| 69.7 73.1 487 0.0 144 50.0 39.7 75.0 50.7 63.6 70.5 439 274

with that on ScanNet. This is because objects in S3DIS are almost intact and contain
less noises, which results in more reliable pseudo labels being generated and more
selected pseudo labels being preserved. Therefore, the segmentation branch with the
pseudo labels dominates the learning of our semantic segmentation network, which

results in the incremental improvement of segmentation results on S3DIS.

Our method is also compared with the Xu [119], which addresses the point
cloud semantic segmentation task without full supervision and reports the results
on S3DIS. We should notice that Xu [119] uses both cloud-level weak labels and
additional partial point-level labels. Specifically, except for the cloud-level weak

labels, Xu [119](1pt) requires 1 point within each category to be labeled for each
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training sample (less than 0.2% of all points), and Xu [119](10%) requires 10% of
all points labeled for each input point clouds. From the aspect of labeling cost,
our model (Ours) is approximate to the Xu [119](1pt) model, and much less than
the Xu [119](10%) model. From the aspect of segmentation performance, our model
(Ours) outperforms Xu [119](1pt) by a significant margin (3.7% mloU), and achieves

comparable overall performance (i.e., 48.2% mloU) with Xu [119](10%).

We compare our weakly-supervised point cloud semantic segmentation approach

with some popular fully-supervised point cloud semantic segmentation approaches

(a) Point clouds (b) Ground truth () MPRM* (d) MPRM*-Diff (f) Ours-Diff

ceiling . floor . wall . beam . column . window . door . table . chair . sofa . bookcase . board clutter

Figure 5.4 : Visualization of our segmentation results on S3DIS testing set. From
left to right: (a) input point clouds, (b) ground truths, (c¢) predictions of MPRM*
[109], (d) differences between ground truths and (c), (e) predictions of our proposed
method, (f) differences between ground truths and (e). Yellow points in columns

(d) and (f) denote incorrect predictions. MPRM* denotes our reproduced results.
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[74, 108, 91, 129, 95]. We observe that our method outperforms PointNet++ [74]
and DGCNN [108]. Meanwhile, a certain gap still exists between our proposed
weakly-supervised point cloud semantic segmentation approach and the advanced
fully-supervised point cloud semantic segmentation approaches like KPConv [95].
However, the performance gap on several categories is small, such as the window,

bookcase and sofa.

Qualitative Results on S3DIS. We visualize our segmentation results on
S3DIS testing dataset in Figure 5.4. We can observe our proposed weakly-supervised
method obtains quite good segmentation results in several scenes, like the conference
room and office. From the column (d) of Figure 5.4, we can easily observe our model
is able to produce precise segmentation predictions of the central part of objects,

and the incorrect predictions are mostly located in the boundary regions of objects.

5.3.4 Ablation Study

Necessity and effectiveness of our pseudo label selection module. As
we analyzed in Section 5.2, the incorrect pseudo labels limit the performance of the
retraining segmentation model. Moreover, training a segmentation network with a
sufficient number of labeled points, e.g., 10% labeled points, is able to yield approx-
imate results with its fully-supervised counterpart. Therefore, in this section, we

compare the performance of the pseudo labels with/without our selection strategy.

Table 5.4 : Segmentation performance of pseudo labels and selected version on

ScanNet training set. We report the mloU (%) and per-class IoUs (%).

Setting mloU|wall floor cabinet bed chair sofa table door wind. book. pic. count. desk cur. ref. show. toilet sink bath. other.

Phasel 46.3 |54.4 579 31.6 68.1 49.1 67.4 483 39.5 41.8 66.1 26.5 23.7 449 71.1 35.6 53.1 424 18.6 52.1 332

Phasel-CRF| 47.4 156.3 60.5 33.1 71.1 50.2 69.2 49.6 40.4 42.6 68.8 26.5 24.2 45.7 71.7 36.9 54.6 41.4 184 51.5 34.1

Our-sel 56.4 162.2 67.3 40.4 80.4 65.6 77.4 62.9 53.3 52.2 81.6 31.7 26.1 57.6 82.1 49.9 65.2 48.4 21.5 59.1 43.1
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Table 5.5 : Comprehensive evaluation of the pseudo labels on ScanNet training set.

Accuray(%) of labeled points

Setting | OA |wall floor cabinet bed chair sofa table door wind. book. pic. count. desk cur. ref. show. toilet sink bath. other.

Phasel | 60.6 |74.1 71.0 61.1 78.5 60.2 77.4 62.9 59.6 59.2 91.2 31.1 37.2 72.0 83.6 60.5 62.1 43.0 18.9 57.2 50.2

Our-sel | 67.3 {85.7 80.0 70.3 85.4 76.0 83.2 72.8 68.1 64.2 93.5 34.3 43.9 79.0 87.764.6 70.6 48.7 21.6 61.7 54.8

The proportion (%) of labeled points in whole points

Setting |mean|wall floor cabinet bed chair sofa table door wind. book. pic. count. desk cur. ref. show. toilet sink bath. other.

Our-sel | 55.2 (52.5 46.6 49.3 79.0 66.8 81.9 60.4 45.3 58.9 66.2 69.8 63.8 57.4 81.349.0 76.5 96.2 93.1 81.7 53.4

The proportion (%) of correct labeled points in whole points

Setting |mean|wall floor cabinet bed chair sofa table door wind. book. pic. count. desk cur. ref. show. toilet sink bath. other.

Our-sel | 37.2 [45.0 37.2 34.7 67.5 50.8 68.1 44.0 30.8 37.8 61.9 23.9 28.0 454 71.3 31.6 54.0 46.8 20.1 50.4 29.3

In Table 5.4, we show the mloU and the per-class IoUs of the initial pseudo
labels (Phasel) and our selected pseudo labels (Our-sel) on ScanNet training set
with default threshold # = 0.95. Similar to [109], we also incorporate the CRF post-
processing step (Phasel-CRF) to improve the segmentation performance by leverag-
ing the low-level feature, and we take the results of Phasel-CRF as the initial pseudo
labels in our experiments. We observe that our selection process increases the IoUs
of the initial pseudo labels by a large margin on almost all classes, and the mloU
across all classes increased by 9%. In Table 5.5, we show the more comprehensive
evaluation of our selected pseudo labels, consists of the overall accuracy (OA) and
the per-class accuracy, the proportion of labeled points in whole points and the pro-
portion of correct labeled points in whole points. We observe that the OA increases
from 60.6% to 67.3%, and the accuracy of most classes increase by a large margin.
From the increased IoUs and accuracy, we can infer that our selection strategy can
filter incorrect pseudo labels, and as a result, it can reduce the impact of incorrect
labels during the retraining stage. Moreover, for all classes, the remaining labeled

points still constitute more than 45.3% of whole points in training data, and the
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correct labeled points constitute more than 20% of whole points in training data.
According to the previous reasonability analysis that training a segmentation net-
work with a sufficient number of labeled points is able to yield approximate results
with its fully-supervised variation, we can infer that the selected labels are sufficient
for retraining the segmentation network. In sum, our selection strategy can filter in-
correct pseudo labels with remaining sufficient supervision information. Therefore,
it has the potential to increasing the performance of the retraining segmentation

model.
Effect of the threshold of pseudo label selection.

As suggested by the previous study, both the number of labeled points and
noises existing in the pseudo labels significantly affect the segmentation perfor-
mance of Phase-2. Based on our pseudo label selection strategy, a higher threshold
0 will remove more noises and preserve fewer point-level pseudo labels, while a lower
threshold 8 will preserve more noises. We show the segmentation results using seg-
mentation loss only on ScanNet validation set with different thresholds in Table 5.6.
We can observe that the mloU gradually increases as the threshold increases from
0.80 to 0.95, but drops a lot when the threshold is greater than 0.95. The reasons
may be that: 1) when the threshold is between 0.8 and 0.95, sufficient pseudo labels
are preserved and more noisy labels are removed with the increasing threshold, re-

sulting increasing mIoU. 2) when the threshold is greater than 0.95, very few pseudo

Table 5.6 : Performance of our method with different thresholds # on ScanNet
validation set. In order to evaluate the effect of the different thresholds, all models

are trained using segmentation loss only.

0 099 095 090 0.8 0.80

mloU(%) | 41.4 42.9 427 424 42.2




88

labels are preserved and insufficient supervision results in worse performance. When
6 = 0.95, the model achieves the highest mIoU 42.9%. Therefore, we use 6 = 0.95

for all experiments.

Effect of different branches. In this subsection, the importance of individual
components of our three-branch retraining method in Phase-2 is also analyzed. We
evaluate the different combinations of the introduced losses on ScanNet validation
set in Table 5.7. We observe that adding the Siamese loss improves the segmentation
performance by 1.3%, and the performance is further increased by the classification

branch.

Table 5.7 : Impact of individual losses on ScanNet validation set.

seg sia mlc | mloU(%)
42.9
44.2
v 44.9

Performance upper bound of our proposed method. As mentioned in
Section 5.2, the upper bound of performance of our proposed framework is training
a fully-supervised segmentation network with the manually annotated point-level
labels. To analyze the gap and potentials of our method, we discuss our method

with its upper bound counterpart (KPConv [95]) in this subsection.

Table 5.3 indicates that there still exists a certain gap between the fully-supervised
segmentation method using point-level ground truth (KPConvDeform [95]) and our
weakly-supervised method. Intuitively, the performance of our method is due to
two aspects: the pseudo labels and the retraining method. We observe that for
specific classes that are more discriminative, the Phasel model gains a small gap

to the fully-supervised KPConvDeform model or even better performance, such as
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the beam, column, window, bookcase, sofa and board. For the rest classes, the gap
between Phase-1 and KPConvDeform is bigger. This phenomenon demonstrates
the classification network in Phase-1 can capture better discriminative features. On
classes that exist in training samples in high frequency, like floors, walls, ceilings, and
chairs, the supervised segmentation network tends to achieve better performance,
and our retraining method is as well. We can observe that our final segmentation
model (Ours) further reduces the gap of classes like ceilings, floors, walls, chairs by

a large margin.

5.4 Conclusions

This chapter presents a new weakly-supervised point cloud semantic segmenta-
tion method using coarse cloud-level annotations. With the help of the proposed
pseudo label selection module and three-branch retraining framework, our method
can alleviate the ill-impact of the noisy pseudo labels and improve the robustness and
expressiveness of the semantic segmentation network, and in turn, improve the final
segmentation performance. FExtensive experimental results demonstrate that our
method outperforms other weakly-supervised semantic segmentation methods and
achieves comparable and even better results compared with some fully-supervised

methods.
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Chapter 6

Point Contrast and Labeling for
Weakly-supervised Point Cloud Semantic
Segmentation

6.1 Introduction

This chapter focuses on the task of weakly-supervised point cloud semantic seg-
mentation with incomplete labels, and the corresponding configuration is shown in
Figure 2.5 (b). Recently-proposed point cloud semantic segmentation approaches,
applying deep learning, have achieved outstanding results with the help of large-
scale fully annotated training datasets [72, 74, 59, 91, 112, 95]. However, designing
such fully annotated datasets involves a significant effort in terms of data cleans-
ing and manually labeling, especially the point-level annotations. To deal with the
annotation bottleneck, label-efficient approaches are highly desirable, aiming to com-
plete the 3D point cloud semantic segmentation task based on only small amounts
of point-level labels, also defined as weakly-supervised approaches. Very recently,
some attempts [119, 127, 34, 63] have made good progress in label-efficient point

cloud semantic segmentation, but there are still many challenges.

Most supervised approaches formulate the semantic segmentation in 3D point
clouds as a per-point classification task and train their proposed neural networks
with the loss function of cross-entropy. However, their performance degrades seri-
ously due to the reduction of the number of labeled data. A major reason is that
those deep learning models tend to overfit to a tiny amount of annotated data when

trained with cross-entropy loss, limiting the representational ability of the learned
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networks. Thus, existing attempts pay much attention to address this problem. [34]
develops a self-supervised pre-training pretext on an additional rich source dataset
to help the network learn good representations, and then fine-tune on the weakly-
supervised semantic segmentation task. [63] explores the self-training strategy that
takes high confident predictions as pseudo labels to introduce more supervision infor-
mation. [119] develops a multi-branch framework that explores additional constrains
on unlabeled points, e.g. self-supervision, spatial & color smoothness constraint.
Each of the above approaches has its own strengths, but also has its limitations: 1)
Self-supervised pre-training is an effective way to mitigate the overfitting problem,
but the gap between the optimization objectives of self-supervised pretext tasks and
the target task (semantic segmentation) limits the power of the pre-training model.
2) Using pseudo labels is a simple and effective way to address weakly-supervised
semantic segmentation, but noises existing in pseudo labels will impact the training
process, which is hard to be identified using predicted confidences, 3) Introducing
more constraints on unlabeled points helps to learn better representations, but di-
rectly combining self-supervised task on unlabeled data with segmentation task on
labeled data may result in in-convergent problem or suboptimal models, because of

the gap between their optimization objectives.

Motivated by the above considerations, we propose the point contrast and la-
beling framework (PCL) for weakly-supervised point cloud semantic segmentation.
Specifically, our proposed PCL framework introduces two more constraints on la-
beled or unlabeled points, except for the standard cross-entropy loss function. As
contrastive learning helps to learn more discriminative feature representations by
directly regularizing the learned feature space, we propose to adopt the contrastive
learning technique to enhance the representational ability of the segmentation model.
Specially, we introduce two relationships: the cross-sample point contrastive loss

for cross-sample semantic consistency and the low-level similarity-based point con-
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trastive loss for local smoothness. By introducing the two contrastive losses, the
built model can make learned representations of the same category more compact
and learned representations of different categories more separable, resulting in a sig-
nificantly improved per-point classifier. Moreover, in order to maximize and high-
light the role of the given limited supervision information, we adhere to the pseudo
labeling strategy [56], which has been widely applied to many weakly-supervised
methods [41, 40]. To relieve the impact of incorrect pseudo labels, we propose the
pseudo label refinement module to dynamically refine the pseudo label during the
training process. Instead of depending only on the final predictions, we consider
the prediction history and use the ensemble predictions to generate pseudo labels,
and update pseudo labels dynamically, which makes pseudo labels more robust and
reliable. We evaluate the proposed method on a various set of label-efficient point
cloud semantic segmentation tasks. The proposed method achieves top performance

under multiple settings and datasets.

We summarize our main contributions from the three aspects below:

e We propose the PCL framework for weakly-supervised point cloud semantic

segmentation, exploring massive unlabeled data to enhance feature learning.

e An extended contrastive learning technique is developed for weakly-supervised
point cloud semantic segmentation, proposing two relations, cross-sample point
contrast and low-level similarity-based point contrast, to directly supervise the

feature space.

e We propose a pseudo label refinement module, which refines pseudo labels on-
line and explores the prediction history to generate robust and reliable pseudo

labels.

In the rest, Section 6.2 introduces the proposed PCL framework, and the details
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of this method are also given. In addition, the details of our implementation and
experiment results are also introduced and discussed in Section 6.3. At last, we give

the conclusions in Section 6.4.

6.2 Methods

This section firstly introduces the overview of our presented point contrast and
labeling (PCL) framework for weakly-supervised point cloud semantic segmenta-
tion. Then we give the detailed description of computing the cross-sample point
contrastive 10ss (Leon¢) with memory, the similarity loss (Lg;,), and the pseudo

label refinement module.

6.2.1 Overview of PCL

Figure 6.1 depicts our presented PCL framework. As shown in Figure 6.1, our
training procedure is divided into two stages: a warm-up stage and a training stage.
i) In the warm-up stage, we train the segmentation network (consisting of a backbone
and a segmentation head ) with the given sparse labels using a cross-entropy loss
in a standard supervised fashion for Tiy4rm—vp €pochs, where T)qpm—vp denotes the
number of epochs for warm-up stage. The warm-up stage pushes the network to fit
the sparsely labeled data, and initializes the backbone and segmentation head. ii)
In the training stage, the network contains a backbone, a segmentation head and a
projection head. We train the network with pseudo labels using three losses: cross-
entropy loss, cross-sample point contrastive loss and similarity loss. Besides, we
propose a pseudo label refinement module to update the pseudo labels dynamically,
and a memory to enrich samples for the cross-sample point contrastive loss. The

formal definitions are as follows.

A given point cloud is denoted as P = {P!, P*} € RV*G+D) where N is the

number of points, 3 denotes the XYZ coordinates, D denotes the additional feature
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Figure 6.1 : Illustration of our PCL framework. The training pipeline has two

stages: a warm-up stage and a training stage. i) In the warm-up stage, the network
contains a backbone and a segmentation head fsgpg. We adopt the cross-entropy
loss L to train the network using the sparse labels. ii) In the training stage, the
network contains two heads: a segmentation head fsgg and a projection head fpro;.
The segmentation head outputs segmentation predictions, and the projection head
outputs per-point embeddings. The training loss function L, consists of three
components: L., which is the cross-entropy loss and applied on the predictions of
labeled points; L.y,:, which is the cross-sample point contrastive loss and applied
on the embeddings of labeled points with the maintained memory; and Ly;,,, which
is the similarity loss and applied on the embeddings of both labeled and unlabeled
points. Besides, the pseudo labels are taken as correct labels for the training stage,
and the pseudo label refinement module is used to produce the pseudo labels on the

fly. The black color on labels denotes unlabeled.

dimensions like RGB color, P! = {p},...,p},} € RY 'X(3+D) represents the set of N!
labeled points and P* = {p!, ..., p%.} € RVN**G+D) represents the set of N* labeled

points and N' + N* = N. Its incomplete label is denoted as Y = {Y! Y%}, where
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Yi={ylly} € {1,...,C},i € {1,...,N'}} denotes the set of labels of labeled points,
C'is defined as the number of classes. We use Y* = {y"|y* = —1,i € {1,..., N*“}} to
mark the unlabeled points and use —1 denotes the ignored label. In the warm-up
stage, a batch of point clouds, {(Py,Y;)}2 |, where B denotes the batch size, are
fed into the backbone and segmentation head fspe to generate the segmentation
predictions {Zy}£ ,, where Z, = {zp1,..., 255, } € RM*Y N, denotes the point
number of point cloud P,. We adopt the cross-entropy loss L. to train the network
using the labeled points {P}2 -
1 L E p exp (2b,i,c)

Lee = —m ; ; 2 Ypiclog —Zc o ()] (6.1)

where y’lM represents the one-hot vector of point label y,lm- and y’é%c is the c-th

I
channel of ' ;.

After training the network for T',4rm—up epochs, we start the training stage with
pseudo labels. A pseudo label Y for each point cloud P is taken as the correct label
and refined on the fly. Details for generating and dynamically refining the pseudo
labels are explained in Section 6.2.4. Taking a batch of point clouds {(Py,, V;)}2,
as input, the backbone generates the per-point embeddings for each point cloud.
Then a segmentation head fsgg receives the per-point embeddings as input and
outputs segmentation predictions {Z;}2 ;. The cross-entropy loss L. are applied
on labeled points, as Eq.(6.1). A projection head maps the per-point embeddings
into low-dimensional embeddings {Fy}Z ,, where F, = {F} F¢} € RV*K [ is
the dimension, N, is the number of points of Py, F} denotes the low-dimensional
embeddings of labeled points and F}' denotes the low-dimensional embeddings of
unlabeled points. We apply the cross-sample point contrastive loss Leons on F} as
Eq.(6.3) and apply the similarity loss Ly, on both F and F as Eq.(6.5). Details
of computing losses L., and Lg;, are explained in Section 6.2.2. We also maintain

an embedding memory for L.,,; and update the memory in every training step.
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Ultimately, the total loss L. used to optimize the network is formulated as:

Ltotal = Lseg + Lcont + Lsim7 (62)

6.2.2 Cross-sample Contrast

The cross-entropy loss only cares about the relative relationship between logits
and can not directly constrain the learned representation [101]. To learn more dis-
criminative feature representations, we introduce supervised contrastive learning to
directly regularize the embedding space. Contrastive learning aims to learn repre-
sentations by contrasting similar (positive) data pairs against dissimilar (negative)
pairs. The basic principle of supervised contrastive learning is to construct many
positive and negative sample pairs according to the given labels. Specifically, for
a labeled point p! with its class label ¢, the positive samples are other points with
the same class label ¢, while the negatives are the points with the other class labels

C\¢. Then the supervised point-wise contrastive loss is defined as:

ﬁcont (Z)

- > ~log b S/ (6.3)
Sy e (e BT+ e e (R fm)

where S and S are the set of point embeddings of the positive and negative samples
for point p;, respectively. For the weakly-supervised settings, the point labels are
incomplete, which results in limited exemplars, thus we allow the positive/negative
samples and the anchor ¢ to be from different point clouds, as shown in Figure 6.2.
During training, our contrastive loss aims to pull the point embeddings belonging

to the same class close, and push point embeddings belonging to different classes

apart. Overall, the cross-sample point contrastive loss is:
Lcont = Z Lcont@)a (64)

Memory. The definitions of positive and negative samples are two key ingredi-

ents in contrastive learning. As revealed by many studies [104, 45, 22|, maintaining
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Similarity Contrast

(a) Point Cloud (b) Over-segment (c) Pseudo Label

Figure 6.2 : Two types of point-level relationships for our cross-sample contrastive
loss and similarity loss. From left to right: (a) the input point clouds, (b) over-
segments with examples of similarity contrast relationship in the feature space, (c)
pseudo labels with examples of cross-sample contrast relationship in the feature
space. Black circles in (b) and (c¢) mark the sampled points, they are colored in the
feature space by the corresponding over-segments labels or the pseudo labels. Pairs
of black arrows connect positive pairs that should be brought close, while pairs of

gray arrows connect negative pairs that should be pushed away.

a large memory is a critical way to enlarge the sets of the positive and negative sam-
ples and thereby help to learn good representations. Therefore, we build a memory
bank to make use of massive data across the whole training dataset. Due to the
number of pseudo labeled points increasing as the training process continues, di-
rectly storing all pseudo labeled points, like traditional memory, will greatly slow
down the learning process. Therefore, we only store sampled points of each point
cloud for efficient computation. Meanwhile, considering the class imbalance prob-

lem, to avoid being dominated by some large-portion classes (i.e. classes with very
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few points may have little chance of being randomly sampled), we choose to main-
tain a point queue per class to form the class-balanced memory. Besides, to exhaust
all pseudo labeled points to capture more point cloud content, we further build a
segment memory bank that stores more representative embeddings absorbed from

point cloud segments.

Specifically, for a dataset with |C| semantic classes, our Class-balanced Pixel
Memory is built with size |C| x M x K, where M represents the number of ele-
ments per class in the memory, K denotes the dimension of point embeddings. We
randomly sample M, pseudo labeled points per class from every point cloud in the
latest mini-batch, and add their embeddings into the corresponding point queue
to update the pixel memory bank. Our Class-balanced Segment Memory is
built with the same size of pixel memory, |C| x M x K, but stores segment em-
beddings. For each point cloud, we define the segment embedding of class ¢ as the
K-dimensional feature vector generated by average pooling all the embeddings of
points labeled as class ¢. As the number of the segment embeddings in each point
cloud is not so much, we use all segment embeddings of the latest mini-batch to

update the segment memory.

With the built memory, when computing the contrastive loss Eq.(6.3), the pos-
itive set S of an anchor point i belonging to class ¢ is be composed of M point
embeddings with the same class ¢ in the class-balanced pixel memory and M seg-
ment embeddings with class ¢ in the class-balanced segment memory, totally 2M
positive samples. Similarly, the negative set S of an anchor point ¢ is composed of
the point embeddings and segment embeddings with the other classes. The memory
allows our contrastive loss to explore point-to-point relations and point-to-segment

relations, and thus helps to learn more discriminative feature representations.
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6.2.3 Low-level Contrast

In the context of point cloud semantic segmentation, the relationships between
points are very important. In general, the predictions of points with similar ap-
pearance or geometric properties are likely to be the same. With this observation,
we propose the similarity loss by exploring low-level contrast. Its objective is simi-
lar to that of contrastive loss, and the difference only exists in the construction of
training samples. We exploit low-level feature similarity to create the positive and
negative samples for the similarity loss. Next, we will give the details to build the

positive/negative samples.

As revealed in Figure 6.2, each point cloud is over-segmented to several clusters.
For an anchor point ¢ belonging to a cluster, the other points from the same cluster
form the positive samples of i, denoted as G’. The points from the other clusters
form the negative samples of i, denoted as G". Note that the G and G are from a

same point cloud. Then the similarity loss is formulated as:

:ZL S o exp (fi+ fi/7) (6.5)
~ 1G7|
¢ fi

exp (i 17 /7) + Lgr-cqn o5 (fi- /i /7)

Over-segmentation. We follow the superpoint-generation method provided by
[53] for over-segmentation. Because this over-segmentation method is unsupervised
and computationally efficient. More importantly, the over-segmentation is charac-
terized by adaptive local geometric complexity. For example, a generated cluster
can be small to cover only a part of a geometric-complex object such as a chair and

large to cover a whole simple shape such as a wall.

6.2.4 Pseudo Label Refinery

Using pseudo labels for self-training is popular in weakly-supervised learning.

However, it is natural for the predicted probability to exist errors. These noisy
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pseudo labels would harm the learning process significantly. Therefore, it is desirable
to design a strategy to filter noisy labels. [63] presents that the region with the
confidence less than a predefined threshold should be ignored. As classification
confidence is a widely adopted criterion to measure the quality of predictions in self-
training. However, as the network is easy to fit easy samples, using a fixed threshold
will result in hard complex samples being filtered as noisy data. In this work, we
develop a pseudo label refinement module for online pseudo label re-correction during
training. The main idea is that the pseudo labels are refined based on the ensemble

predictions(combining the prediction history) instead of the latest predictions.

For each point cloud P;, we define Y; as its one-hot pseudo-label. In every training
step, we take the segmentation predictions Z; of point cloud P; with confidences
higher than a threshold ¢ as the currently correct predictions, and save them to a
prediction history H = {H;,..., Hy}, where N is defined as the number of point
clouds in the training set. After every T training epochs, we take a voting strategy
to generate the latest predictions ZZT for every point cloud, called the latest soft
pseudo labels. We define ZZE as the ensemble soft pseudo labels of point cloud P;,

and update ZZE every 1" epochs:

~ A ~

ZE=aZF +(1-0a)2Z], (6.6)

3 3

where « is a momentum term which controls how far the ensemble reaches in the

history of training. In the following, the pseudo labels is updated as following:
Y, = ZF /(1.0 — o0y, (6.7)

where ¢ denotes the epochs.

6.3 Experimental Settings and Results

This section compares the proposed method with the state-of-the-art point cloud

semantic segmentation models. We first introduce the details of our implementation
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in Section 6.3.1. And then in Sections 6.3.2 and 6.3.3, we provide the performance
of our method on ScanNet [17] dataset and Stanford 3D Indoor Scene (S3DIS) [2]
dataset, respectively. To gain a deeper insight into our model, we conduct detailed
ablation studies in Section 6.3.4. At last, some qualitative results are also shown

and analyzed in Section 6.3.5.

6.3.1 Datasets and Experimental Setup
Datasets

Extensive experiments are carried out on ScanNet and S3DIS, which are two
benchmarks for most of the weakly-supervised point cloud semantic segmentation

published papers.

ScanNet [17] is a large-scale indoor dataset. It comprises 1513 scenes with fully
per-point annotations opening to the public and 100 scenes without any annotations
for online testing. Each scene is represented as a point cloud, and each point are
provided with the XYZ coordinates and RGB color. ScanNet contains 20 selected
classes for segmentation evaluation. In our experiments, we use the official train-val
partition to further separate the 1513 point clouds, with 1201 point clouds as the
training set and 312 point clouds as the validation set, same as [17, 34]. Evaluations
are conducted on both the validation set and testing set. ScanNet-LA [34] is a
weakly-supervised online benchmark dataset, whose data is the same as ScanNet
and weak labels are in four settings including using {20, 50, 100, 200} labeled points

per scene. More details about ScanNet can be found in the Section 5.3.1.

S3DIS [2] is another large-scale indoor dataset. It contains 271 point clouds
with 13 semantic classes. Each point cloud is provided with XYZ coordinates and
RGB values. All point clouds are distributed in six areas. In our experiments, we
adopt results on Area-5 for evaluation, same as [92, 15, 63]. In total, there are 204

training point clouds and 68 testing point clouds. Please refer to the Section 3.3.1
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for detailed description of the S3DIS.

Fvaluation Metrics.

We adopt mlIoU to assess the performance of our method, same as most point
cloud semantic segmentation approaches [34, 63, 95|. We describe the details of

computing mloU in Section 3.3.1.

Annotation Configuration

We evaluate our method on various weakly-supervised annotation settings. For
ScanNet, we consider five different training settings including making use of {20,
50, 100, 200} annotation points per point cloud (following benchmark ScanNet-LA
of [34]) and {1tlc} per scene (one labeled point per object in each scene following
[63]). For S3DIS, we consider three different training configurations including {1tlc,
1t3¢, 0.01%, 0.1%, 1%} labeled points per point cloud, where {1t3c} indicates three

labeled points per object in each scene.

Training Details

In all experiments of this work, we use the same and fixed backbone named
Sparse Res-UNet [34, 115], which is implemented by MinkowskiEngine [15]. The
projection head is constructed with two fully connected layers. We set 32 as the
finally projected dimension. During training, the backbone is initialized by the
pre-training model of [34]. SGD optimizer is used for training, and we set 0.1 as
its initial learning rate. Meanwhile, the learning rate is gradually decreased with
polynomial decay with a power of 0.9. In each experiment, the batch size is set to
6, with 8 sub-iterations per step on 1 NVIDIA RTX6000 GPU. The warm-up stage
is trained for 2K steps. Finally, the model is trained for 10K steps in total. For
ScanNet, the voxel size of used Sparse Res-UNet in our experiments is the same

with 2.0 cm for both training, validation and testing. We adopt the over-segments
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provided by official annotations to generate low-level segments. For S3DIS, the voxel
size is fixed with 5.0 cm for both training and testing. We follow [53, 63] to generate
low-level segments. For both ScanNet and S3DIS, the final full resolution results

are generated by nearest-neighbor interpolation.

6.3.2 Performance on ScanNet

First of all, our method is evaluated on the ScanNet under different weakly-
supervised settings, as well as the fully-supervised counterpart of our proposed
method. We report the results from ScanNet online testing benchmark in Table 6.1

and Table 6.2.

Comparisons with weakly-supervised methods.

For fair comparisons with existing weakly-supervised methods, we compare our
proposed method with three existing weakly-supervised methods under different

settings:

i) MPRM [109] is trained subcloud-level labels, which only denote a category
existing in a given point cloud or not, and no location information. With only
20 labeled points (20pts), our result (60.8%) outperforms MPRM [109] in a large
margin (+17.6%). When increasing the labeled points, the performance increases
continuously to 68.8% for 200pts. In regard to annotating cost, as reported in [109],
the subcloud-level annotation takes around 3 minutes per scene, which is longer than
the 20pts scheme (about 1 minute). We can infer that, under the same annotation
cost, weakly-supervised methods can get more benefit from the point-level labels
than subcloud-level labels. Because point-level labels can provide useful location
information (even if very little), which is extremely important for the point cloud

semantic segmentation task.

ii) CSC [34] and OTOC [63] are two public work that evaluates on the ScanNet
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data-efficient online benchmark. Therefore, we report our semantic segmentation
results with the same annotation configuration in Table 6.1. As shown n Table 6.1
we can easily find that the performance of both ours and the other two methods
improves when increasing the labels from 20pts to 200pts. This phenomenon is
reasonable and the performance of the fully-supervised counterpart can be seen
as the corresponding upper-bound. Moreover, when training with 20 randomly
annotated points per point cloud (20pts), our method achieves the top performance
(60.8%), outperforming OTOC [63] by 0.6% and CSC [34] by 7.7%. When training
with 50 randomly annotated points per point cloud, our method outperforms OTOC
[63] by 1.0% and CSC [34] by 4.0%. When training with 100 randomly annotated
points per point cloud, our method outperforms OTOC [63] by 1.0% and CSC [34]
by 3.6%. Under the configuration of 200pts, our result is a little lower than OTOC
[63], but it still outperform CSC [34] by 1.7%. The results also demonstrate that our

method gains more improvement under the situation of training with fewer labels.

Table 6.1 : Comparisons with existing weakly-supervised methods for 3D point cloud
semantic segmentation using the same ScanNet testing set (from online benchmark

on 9 Jan 2022). Bold fonts mark the best result under different settings.

Methods (mIoU(%))

MPRM [109] CSC [34] 1T1C [63] Ours

subcloud-level 43.2 - - -
20 pts - 53.1 59.4 60.8
.%D 50 pts - 61.2 64.2 65.2
g 100 pts - 64.4 67.0 68.0
200 pts - 66.5 69.4 68.8
1tlc - - 69.1 69.6
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iii) OTOC [63] proposes to use 1 annotated point per category per scene (1tlc).
Our method under the 1tlc setting achieves a little higher performance than OTOC
(+0.5%). Both OTOC and Ours trained with 1tlc (about 0.02% annotated points)
outperform the corresponding counterpart trained with 50pts (about 0.02% anno-
tated points). This also inspires us to develop a more efficient annotating strategy

under a fixed cost.

Comparison with fully-supervised methods

We also train a fully-supervised counterpart of the proposed method, and com-
pare it with the fully-supervised methods, including KPConv [95], RandLLA-Net
[35], MinkUNet [15]. As shown in Table 6.2, we can easily see that our method
gain 71.8%, which is slightly lower than CSC [34]. This result is reasonable because
ScanNet contains noises, and our method dynamically filters and refines the ground
truth during training, which may generate predictions that differ from the given

ground truth.

Overall, the results of fully-supervised methods can be seen as the upper bound

of the performance of weakly-supervised methods. We can observe that with about

Table 6.2 : Performance of our fully-supervised baseline on ScanNet testing dataset.

Bold represents the best result.

Methods Annotation mloU(%)
KPConv [95] 100% 68.4
RandLA-Net [35] 100% 64.5
MinkUNet [15] 100% 72.2
CSC [34] 100% 73.8
Ours 100% 71.8
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0.02% (1tlc) randomly annotated points, our proposed method (69.6%) reaches a
performance comparable to that of the advanced fully-supervised point cloud seman-
tic segmentation methods. This demonstrates that full supervision is unnecessary
for point cloud semantic segmentation, which encourages us to develop more label-

efficient methods to save annotating costs.

6.3.3 Performance on S3DIS

In order to further illustrate the effectiveness and generalizability of our proposed
method, we also evaluated on S3DIS. Table 6.3 compares our methods with two

groups of existing methods: 1) State-of-the-art fully-supervised methods trained

Table 6.3 : Comparisons with existing methods on S3DIS.

Methods Annotations mloU(%)
KPConv [95] 100% 63.7
MinkUNet [15] 100% 68.2
CSC [34] 100% 72.2
OTOC [63] 100% 63.7
Ours 100% 68.8
Xu [119] 10% 48.0
Ours 0.01% 38.2
Ours 0.1% 60.5
Ours 1% 64.2
OTOC [63] 0.06%(1t3c) 55.3
OTOC [63] 0.02%(1t1c) 50.1
Ours 0.06%(1t3c) 61.8
Ours 0.02%(1t1c) 56.2
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with 100% training labels; 2) Weakly-supervised methods trained with different

types of weak labels.

Similar to Table 6.1, we also group the weakly-supervised methods into two
subgroups. i) For randomly annotating labels, our method continuously improves
performance when the number of annotated labels increases from 0.01% to 1%.
When compared with Xu [119], even with 0.1% labels, our result outperforms Xu
[119] with 10% in a large margin. ii) For the configuration of 1tlc (one labeled
point per category per point cloud), with the same data preprocessing, our method
outperforms OTOC [63] by 6.1%. When increasing the annotated points to 1t3c,
our method achieves 61.8% mloU, outperforming OTOC (55.3%) by 6.5%. In total,
the configuration of 1t3c is equivalent to 0.06% annotated points. Comparing our
results of 1t3c and 0.1% configurations, we can infer that with the fixed annotating
budget (i.e. the same annotated points), the more exhaustive annotating strategies

are more likely to result in better performance.

Compared with fully-supervised methods, our method (64.2%) with 1% labels
performs even better than KPConv [95] (63.7%), and a little worse than MinkUNet
[15] and CSC [34]. But for 1tlc setting, the gap between our method and the fully-
supervised ones is quite large, compared with results on ScanNet 6.1. This may be
owing to the differences between the two datasets. Point clouds in ScanNet contain
many unclassified (ignored) objects and noises, which may affect the performance
of fully-supervised methods. While our method trained with incomplete labels (e.g.
1tlc, 200pts) is designed to filter and recorrect labels during training, which will
reduce the impact. But S3DIS is a clean dataset without unclassified objects and

noises, therefore, fully-supervised methods can gain more increases than our method.
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Results on ScanNet-LA Semantic Segmentation
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Figure 6.3 : Performance on ScanNet using different losses.

6.3.4 Ablation Study

Effectiveness of Different Losses. In this subsection, the importance of
individual components of our framework is mainly analyzed and compared. We
evaluate models trained with different combinations of the introduced losses on
ScanNet validation set. We consider four annotation configurations provided by the
ScanNet data-efficient benchmark, i.e. {20pts, 50pts, 100pts, 200pts}. As shown in
Figure 6.3, adding the contrastive loss improves the segmentation performance by
2.0% for 20pts, 2.9% for 50pts, 3.2% for 100pts, 0.9% for 200pts, respectively. The
performance is further increased by adding the label refinement module. Moreover,
we can observe that the contrastive loss gains more performance improvement than

the label refinement module.

Effectiveness of our pseudo labels. As we have analyzed before, using more
annotations usually results in better performance or at least no performance degra-
dation. To further investigate the effectiveness of our label refinement module, we

evaluate the final pseudo labels using four metrics: overall accuracy (OA), mloU,
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mean of per-class accuracies (mAcc) and mean of per-class recalls (mRecall). We
also report the corresponding segmentation results on testing set. Baseline denotes
training without label refinement module and contrastive losses. Results denote our

final results on testing set.

Table 6.4 displays the performance of our final pseudo labels on S3DIS. We
notice that there is a high correlation between the segmentation performance and
the quality of the pseudo labels. Specifically, we notice the pseudo labels gain the
best results on all metrics with 1% annotated points. The OA and mRecall of the
pseudo labels are all about 88%, which are quite close to the full annotations. We
can observe that our testing result with 1% annotated points achieves 64.2%, which

is also close to the result with full annotations, 68.8%.

The final pseudo labels gain the worse results on all metrics with 0.01% an-
notating points. The mRecall of the pseudo labels for the configuration of 0.01%
annotating points is 53.3%, which means the pseudo labels cover more than 50%
supervision, but the mAcc is only 58.9%, the incorrect pseudo labels hinder the net-
work learning. Therefore there is a certain gap with the segmentation results(54.8%

mloU) of the baseline model trained with 0.1% annotated points.

Table 6.4 : Evaluation on Pseudo labels.

Supervision Training Set Testing Set

OA(%) mlIoU(%) mAcc(%) mRecall(%) | Result(%) Baseline(%)

1% 88.9 83.5 93.6 87.9 64.2 61.7
0.1% 84.6 70.9 82.9 77.9 60.5 54.8
0.01% 70.3 42.6 58.9 53.3 38.2 34.5
161¢(0.02%) | 80.5 67.2 83.7 78.7 56.2 51.2

1t3¢(0.06%) | 83.7 74.4 87.4 82.4 61.8 56.7
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Figure 6.4 : Qualitative results on ScanNet validation set under different weak
annotation settings. The first row shows the input point clouds (Pt) and their
ground truths (Gt). The rest rows present our segmentation predictions (Pred)
and their differences with ground truths (Diff), under weak annotation settings of

{20, 50,100,200} pts separately.

6.3.5 Qualitative Results on ScanNet and S3DIS

In this section, we visualize our segmentation results on ScanNet validation set

and S3DIS testing set under different annotation configurations, respectively.

The clear qualitative segmentation results on ScanNet validation set are dis-
played in Figure 6.4. The first row in this figure shows the original point clouds and
their corresponding ground-truth labels. In the ground truth, each color indicates a
class and points with black color are ignored. The rest rows show our segmentation
results (the Pred columns) and the corresponding difference with ground-truth (the

Diff columns) under the annotation configurations of {20, 50, 100, 200} pts. In
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the Diff columns, points with yellow color denote incorrect predictions. We observe
that training with only 20 labeled points (20pts), our model can make very good
predictions on most categories in a scene, such as floor, wall, chair and sofa. The
incorrect predictions most exist in categories that have similar geometric structure
(e.g. wall vs. window, wall vs. picture) or appearance (e.g. cabinet vs. table),
and in the boundary regions (e.g. table vs. floor). With the increasing annotations,
the segmentation results improve a lot and generate better predictions on categories
with ambiguous geometric or appearance features, such as picture vs. wall. This
demonstrates the amount of supervision have a key role in improve the segmen-
tation performance and encourages us to gradually mining and introduce reliable
pseudo labels during training. When training with 200pts, most objects can be pre-
dicted, and the most errors exist in the boundary regions. This inspires us to further
enhance the segmentation performance by paying more attention to the boundary

regions.

The qualitative results on S3DIS are demonstrated in Figure 6.5. Here, we vi-
sualize the segmentation results with different annotation configurations of {1tlc,
0.1%, 1%}. For the settings of random annotations, similar to ScanNet, the segmen-
tation results are greatly improved when increasing the number of annotated points
from 0.1% to 1%. We can observe that with 0.1% annotated points, our model can
produce good predictions on classes with large scales (e.g. floor, ceiling) and with
less diversity in geometric structure or appearance (e.g. chair, bookcase). On the
contrary, our model may make more errors on classes with small scales (e.g. beam,
door) or with various geometric structure or appearance (e.g. window and cluster).
The reasons are: 1) For random annotations, large-scale classes are likely to have
more annotated points, which helps the model to perform well on these classes. 2)
Even if not have too much annotated points, it may be sufficient to learn to recog-

nize some simple classes. As a matter of course, training with more annotations, 1%
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Figure 6.5 : Qualitative results on S3DIS under different weak annotation settings.
The first row shows the input point clouds (Pt) and their ground truths (Gt). The
rest rows present our segmentation predictions (Pred) and their differences with

ground truths (Diff), under weak annotation settings of {1t1¢, 0.1%, 1%} separately.

annotated points, our method gains better predictions and performs well on most
classes, such as wall, floor, ceiling, chair and table, and the incorrect predictions
most exist in the boundary regions. For the setting of 1tlc, its total annotating
budget in terms of the percentage of annotated points is only about 0.02%, which is
much lower than the other two settings. However, our model can produce excellent
perdition on more than half classes like chair, table, bookcase and floor. The reason
is that this annotating strategy may gain more balanced annotation, which is helpful
for small-scale classes. The results also inspire us to get effective annotations under

a fixed budget.
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6.4 Conclusions

In this chapter, a novel point contrast and labeling framework (PCL) is proposed
for weakly-supervised point cloud semantic segmentation. With the proposed cross-
sample point contrastive loss and low-level similarity based point contrastive loss,
the proposed PCL framework can learn more discriminative feature representations
by regularizing the feature space directly. Besides, we propose the pseudo label
refinement module, which explores the prediction history to generate robust and
reliable pseudo labels during the training process. Extensive experiments show the
effectiveness and accuracy of our PCL framework and imply the practical label-

efficient solution with a fixed annotating cost.



114

Chapter 7

Conclusions and Future Work

This chapter summarizes the major achievements of this thesis in dealing with the
foundational tasks in 3D point cloud understanding. The potential directions for

future research work are also introduced.

7.1 Conclusions

This thesis aims to exploit and design novel deep learning techniques for 3D
point cloud understanding. As point clouds are irregular and usually large-scale,
it is hard to capture long-short-range context, which is critical for semantic un-
derstanding tasks. Moreover, the data-hungry nature of supervised deep learning
based approaches increases the difficulty of extending dense prediction approaches,
e.g. point cloud semantic segmentation, to more application scenarios. In this the-
sis, we have proposed several methods to deal with these challenges. In the following

paragraphs, we will summarize and highlight our contributions.

The first main contribution is the Long-Short-Term Context framework (LSTC)
for supervised point cloud semantic segmentation, equipped with which enabled
existing point cloud semantic segmentation approaches to capture long-short-term
context in an arbitrary range, further improving the segmentation performance.
Since natural scenes usually have a reasonable and coherent composition of objects,
exploiting spatial context can help resolve the ambiguity of object labels against
noises. Many existing point cloud semantic segmentation approaches takes a subdi-

vided block of a whole point cloud and can not capture context beyond the input
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block. It is convenient to extend the proposed LSTC framework to existing point
cloud semantic segmentation approaches for capturing context over patches in a
larger range. Even if some point cloud semantic segmentation approaches can deal
with a whole large-scale point cloud, they may not consider the cross-sample rela-
tionships between point clouds. The proposed LSTC framework can be extended
to capture context over multiple point clouds by establishing the Long-Short-Term

feature bank with features from multiple point clouds.

The second main contribution is the weakly-supervised keypoint Siamese network
for point cloud registration (KPSNet), which learns task-specific keypoint detector
and feature extractor simultaneously without using manually annotated keypoints.
The previous learning-based 3D keypoint description approaches takes a pair of
local patches (i.e. the support regions of 3D keypoints) as input. Therefore, they
requires dense annotated data that contains a number of matched 3D local patches
for training. To reduce the annotating cost, the proposed KPSNet takes a pair
of whole point clouds as input and only uses their relative transformation matrix
as weak supervision for training. Moreover, the proposed KPSNet learns keypoint
detector and feature extractor simultaneously in an end-to-end framework, which
avoids the chicken-egg problem caused by separately learning keypoint detectors and

descriptors.

The third main contribution is the weakly-supervised semantic segmentation
method, which only uses coarse cloud-level labels and reduces the manual annotating
cost greatly. The experimental results show the promising performance to catch up
with supervised approaches. Different with the previous approaches that focus on
generating better pseudo labels and retrain a segmentation model with all pseudo
labels, the proposed approach pays more attention to reducing the ill-impact of
noisy pseudo labels via additional unsupervised constrains. Therefore, the proposed

approach can yield a additive gain in performance when applying a better pseudo
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label generation module.

Finally, the fourth main contribution was the point contrast and labeling frame-
work for label-efficient point cloud semantic segmentation, which used incomplete
point-level labels as supervision. From the perspective of annotation cost, incom-
plete point-level labels is higher than coarse class labels. But regarding the segmen-
tation performance, existing weakly supervised point cloud semantic segmentation
approaches with incomplete point-level labels have significant advantages than with
coarse weak labels, and are more valuable for real-world applications. The proposed
approach obtained top performance on several label-efficient point cloud semantic
segmentation tasks with the introduced cross-sample point contrastive loss, similar-
ity loss, and the pseudo label refinement module. Therefore, it is deserved to further
reduce the annotation cost, and further improve the segmentation performance by

exploring the inner structure on unlabeled data and by mining more useful pseudo

labels.

Overall, we have explored the field and proposed novel approaches from super-
vised learning to weakly-supervised learning for 3D point cloud understanding. We
hope our research achievements and contributions from this thesis have provided
the community with new and different insights into some of the existing challenges

in 3D point cloud understanding.

7.2 Future Work

Deep learning on 3D data is still in the early ages of development, and there are
many challenges remaining. In the following, we list several main challenges and

introduce some of our future research directions.

e Lack of benchmarks: large-scale various benchmark datasets is very important

for the rapid development of deep learning on 2D data. Many successful ap-
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plications emerge based on the 2D deep learning techniques, which attracts
much more attention to 2D deep learning and further promotes building more
datasets covering a variety of application scenes. However, the quantity and
diversity of 3D datasets are far from the 2D area, which limits 3D deep learning
approaches to be applied to practical applications. Currently, the most popular
3D indoor dataset, ScanNet [17], only contains 1501 point clouds with dozens
of annotated categories. While 3D outdoor datasets (e.g. Semantic3D [30],
SemanticKITTI [4]) cover less than ten annotated categories, although with
huge amounts of point clouds. Besides, different datasets are usually saved
in different formats and require different data pre-processing, which increases

the difficulty of developing and evaluating 3D deep learning approaches.

Lack of universal backbone architectures: there are several successful deep ar-
chitectures in the field of 2D deep learning, such as ResNets [33], serving
as pre-trained backbones of many approaches for many 2D computer vision
tasks. However, in the area of 3D, different kinds of architectures have been
introduced by researchers for different tasks of 3D scene understanding. Al-
though each architecture has its own advantages, it is hard to evaluate dif-
ferent approaches fairly, further improving these approaches and developing

more applications.

Class imbalance: class imbalance in complex scenes is a common phenomenon
and has attracted much attention in the area of 2D scene understanding. This
problem is even more severe in 3D data, resulting in many methods failing on
rare categories for tasks of 3D scene understanding, especially for point cloud
segmentation. However, rare works focus on the problem of class imbalance in

the area of 3D.
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e Balance between accuracy and efficiency: point clouds representing real scenes
are usually on a large scale. Performing dense prediction tasks, like 3D scene
semantic segmentation, often requires balancing the accuracy and efficiency,
depending on the computational resources. Therefore, a lightweight segmen-

tation system with high precision and high efficiency is extremely required.

Object Co-segmentation on Complex Scenes In recent years, 3D radar
sensors have been developed rapidly, resulting in a mass of 3D data being collected
for available uses. However, manually annotating 3D data is quite expensive. Co-
segmentation aims to recognize and segment the common objects or parts among a
collection of provided samples without any help from extra annotations. Some works
have attempted to deal with co-segmentation of the 3D shape by segmenting single
objects into several parts [14]. However, 3D object co-segmentation of complex

scenes is still in its infancy, which is a valuable research direction.

Few-shot Point Cloud Semantic Segmentation Few-shot point cloud se-
mantic segmentation aims to construct a semantic segmentation model using only
a few annotated point clouds. Considering the challenges of lack of 3D annotated
data and class imbalance on real scenes, we believe few-shot point cloud semantic

segmentation is a promising direction.

Universal Framework for 2D and 3D Fusion Both 2D data and 3D data
have their own advantages when applied in semantic understanding applications.
Specifically, 2D images contain rich appearance information, and 3D point clouds
provide precise geometric information. Intuitively, combining 2D images and 3D
point clouds for visual recognition systems will bring the best performance. There-
fore, in addition to exploring 2D and 3D scene understanding separately, we also
aim to develop a universal framework to combine 2D and 3D data for real scene

understanding.
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