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Abstract

Scene representation is the process of converting sensory observations of
an environment into compact descriptions. Such intelligent behavior is a
cornerstone of artificial intelligence. Scientists have long sought to repro-
duce the extraordinary ability of humans for understanding the physical
environment. Taking visual sensory observations of an environment as
input, modern intelligent systems mostly aim to learn neural represen-
tations that encode fundamental scene properties such as geometry and
semantics. Such representations can be leveraged to support other down-
stream tasks and finally realize autonomous perception and interaction

within the complex 3D world.

Impressive performance has been exhibited in recent deep neural networks
that excel at modeling geometric and semantic information in neural scene
representations. However, constructing robust systems is still highly chal-
lenging due to the fragility in uncontrolled real-world scenarios. This
presents significant complexity for scene representation learning due to
the variance of sensory observations with respect to scene changes, the
domain gap among different types of visual representations, and the re-
quirement for efficient perception for multiple categories of information.
To overcome these challenges, we pursue robust, unified and informative
scene representations, learning with geometry and semantics from differ-
ent types of visual inputs, paving the way towards intelligent machines
that autonomously learn to understand the world around them. In this
context, this thesis makes three core contributions in the fields of visual

localization, pixel-point matching, and semantic surface reconstruction.

In this thesis, we start by estimating the 6 Degree-of-Freedom (DoF) cam-
era pose from single images. To learn scene representations that are ro-
bust to environmental changes and sensor operation, a neural network
together with a self-attention module is proposed to model complex ge-
ometry relationships from which given images are taken relative to a ref-

erence environment. Then, we build a more general framework to find



unified representations across 2D images and 3D point clouds based on
the inherent constraints from epipolar geometry and stereo vision. By
introducing an ultra-wide reception mechanism together with novel loss
functions, a dual fully-convolutional framework is presented that maps
2D and 3D inputs into a shared latent representation space to simulta-
neously describe and detect keypoints, bridging the gap between 2D and
3D representations. Finally, we extend our study to develop informative
representations, which are generally required for intelligent systems to op-
erate in real-world scenarios for multiple purposes at the same time. By
drawing on previous work in point-based networks, we introduce a brand-
new end-to-end neural implicit function that can jointly estimate precise

3D surface and semantics from raw and large-scale point clouds.

Overall, this thesis develops a series of novel deep neural frameworks to
advance the field of machine learning of scene representations towards ar-

tificial intelligence that can fully perceive our real-world 3D environment.
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Chapter 1

Introduction

1.1 Motivation

Relying on their impressive understanding ability, humans perceive the physical en-
vironment around them primarily via the vision system. This high-level behavior is
fundamental and essential to our daily lives. The fundamental ingredient of such an
intelligent capability is that of scene representation - the process of converting vi-
sual sensory observations (images, point clouds or otherwise) of an environment into
concise descriptions [77].

A long-sought objective in artificial intelligence and computer vision is to build
intelligent systems which enable machines to accomplish scene representation. Using
input images or point clouds of a scene acquired by 2D /3D sensors, intelligent systems
learn implicit scene representations that encode the properties of an environment,
exploit these representations to support other downstream tasks, and finally realize
autonomous perception and interaction within the complex 3D world. Such intelligent
systems have inspired many applications in robotics and AR/VR, such as autonomous
driving [88, 330], robotic manipulation [304, 297] and metaverse [184, 161].

Driven by this high demand, scene representation learning has drawn keen atten-
tion from academia and industry for decades. However, constructing intelligent sys-
tems comparable with human capability is still highly challenging due to the fragility
in uncontrolled real-world scenarios that present great complexity to the scene repre-
sentation learning task in three different aspects. Firstly, scene representation learning
needs to consider visual inputs with high variance to allow intelligent systems to work
in real-world scenarios robustly. Real-world scenarios usually experience significant
appearance variations caused by changes in season (spring, summer, autumn, winter)
and illumination (dawn, day, sunset, night) conditions. They are typically recorded

under various sensor motion operating conditions with motion blur and perceptual



aliasing arising as acquisition artifacts or distortions. Secondly, scene representation
learning should tackle the large discrepancy among different visual data properties.
Visual inputs captured from the 3D physical world are usually images or point clouds
acquired by 2D /3D sensors, in which 2D images capture scene appearance, whereas
3D point clouds encode structure. These differences may bring association ambiguity
across the information in different domains from various sensors applied in intelligent
systems working in the real 3D physical world. Lastly, practical usage usually expects
intelligent systems to learn scene representations involving different information about
an environment. Real-world scenarios exhibit properties including geometry, struc-
ture, semantics, physics, and motion, which require informative representations for
intelligent systems to perceive multiple categories of information and effectively op-
erate to offer various services in our everyday lives. To overcome these challenges,
we demonstrate the learning of robust, unified and informative representations from
different types of visual inputs, paving the way towards intelligent machines that
autonomously learn to understand the world around them.

As one cornerstone property of scenes, geometry is concerned with questions of
pose, shape, depth, relative position of visual inputs, and the properties of space
(119, 262, 189, 265|. Early methods rely on triangulation between multiple images
to describe complex geometry relationships, such as pose and shape [104], motivated
by the concept of human binocular vision. These methods include the classic struc-
ture from motion (StM) [1, 253, 235, 202] and simultaneous localization and mapping
(SLAM) [62, 196, 195, 31, 237] frameworks. A typical pipeline of these methods is
first to establish correspondences between images and then recover camera poses and
the 3D structure of the scene. Post-processing might be required to produce dense
point clouds or mesh models by surface reconstruction depending on the output rep-
resentation. Alternatively, recent deep neural networks also exhibit promising results
in inferring the 3D geometry of scenes. They learn functions that map visual inputs
to the 3D geometry, like camera pose [123, 266, 28], correspondence establishment
(72, 171, 9] or surface distance fields [48, 182, 206]. With such powerful data-driven
approaches, geometry can be reasoned from single inputs, even though it is ill-posed
in theory, making it more flexible and practical under extreme cases.

An alternative paradigm to geometry is semantics. Semantic representations use
a language to describe objects and their contextual relationships from the observed
environment, retrieving information about object category, scene type, room layout,
etc. By mapping 2D images or 3D point clouds to scene representations, the re-

cent advancement of artificial vision systems is based on deep neural networks and



has yielded impressive results in semantic understanding. They do so by, for ex-
ample, recognizing the dominant object [133, 299], detecting object-bounding boxes
[79, 137], classifying the scene type [3, 277], and labeling individual pixels or points
into predetermined semantic categories [105, 214]. Such successes are also made pos-
sible by the availability of large-scale 2D and 3D datasets, such as ImageNet [223],
COCO [156], Semantic3D [101] and ShapeNet [38]. These are richly-annotated and
large-scale repositories of 2D images or 3D point clouds of scenes. These methods
consist of multiple processing layers to automatically transform visual sensory obser-
vations into a feature representation of the scene. Applying this powerful data-driven
approach to reason about the environment (even including previously unobserved
information) with such neural scene representations has emerged as a promising di-
rection, especially since the introduction of many large-scale real-world or synthetic
datasets for 3D scenes with dense semantic information, which is collected in both
indoor (ScanNet [58], S3DIS [5] and SceneNN [110]) and outdoor (Semantic3D [101],
SemanticKITTI [15] and SemanticPOSS [204]) environments.

However, it is still in its infancy to unleash the full power of deep neural net-
works to learn compact representations, despite that they excel at this task when
provided with large, labeled datasets. This is principally because of the fragility in
uncontrolled real-world scenarios that present great complexity of the scene repre-
sentation learning. In particular, such complexity is typically from the variance of
the sensory observations concerning scene changes, the domain gap among different
types of visual representations, and the requirement of efficient perception for multi-
ple categories of information. By building intelligent systems which use knowledge of
geometry and semantics, we can simplify the scene representation learning problem.
To this end, the primary motivation of the thesis is: can we develop learning methods
to represent the three-dimensional physical world by modeling robust, unified and

informative scene representations with geometry and semantics from visual inputs?

1.2 Research Challenges

This thesis aims to build vision systems that realize intelligent behavior by scene
representation learning to understand the geometry and semantics of the 3D physical
world from visual sensory observations acquired by a camera, depth sensor e.g. a
Kinect device or LiDAR. Instead of learning compact and holistic scene representa-
tions in one go, we approach such an extraordinary aim from robust representations to

unified representations to informative representations. However, learning to represent



scenes with geometry and semantics is non-trivial. More specifically, the challenges

are threefold, as discussed below.

1. Real-world scenarios usually experience significant appearance variations caused
by changes in season (spring, winter, etc.) and illumination (dawn, day, sunset,
night, etc.) conditions. Moreover, they are typically recorded under various
sensor motion leading to motion blur and perceptual aliasing. Such challenges
prevent us from extracting robust and meaningful representations to support
various downstream tasks (autonomous driving, robot manipulation, etc.) from

visual inputs, especially 2D images.

2. Visual inputs captured from the 3D physical world are typically images or point
clouds acquired by 2D /3D sensors, e.g., cameras, LIDAR, imaging RADAR and
Kinect devices. As images capture appearance whereas point clouds encode
structure, a large discrepancy between 2D and 3D data properties exists, result-
ing in the domain gap between 2D and 3D representations. However, intelligent
machines that operate in real-world scenarios are typically equipped with var-
ious visual sensors to perceive the 3D physical environment. The domain gap
between 2D and 3D representations may bring intelligent machines ambiguities
and even perceptual conflicts when inferring the complex inherent relationships
of such two representations. For example, how do intelligent machines work in

a pre-built 3D environment via only 2D inputs and vice-versa?

3. Practical usages usually expect intelligent systems to learn informative scene
representations involving different information about an environment. Real-
world scenarios exhibit properties including geometry, structure, semantics, and
physics, which desire informative representations for intelligent systems to per-
ceive multiple categories of information and effectively operate to offer various
services in our everyday lives. However, due to the limitations of view angles
or occlusions of scanning devices, visual inputs are usually sparse and incom-
plete, especially from 3D point clouds. Therefore, it is not possible to present a
continuous surface and semantics, which are helpful for high-level applications
such as image rendering and robot grasping, limiting the potential ability of

intelligent machines to achieve holistic scene understanding.



1.3 Research Questions

This thesis considers how best to use and design machine learning approaches using
geometric and semantic priors to tackle the above challenges. To this end, the thesis
aims to investigate the corresponding three primary research questions by a series
of tasks, including visual localization, pixel-point matching, and semantic surface

reconstruction.

1. How can we learn representations robust to environmental changes and sensory

variance from 2D images?

Visual localization is the task of estimating the camera position and orientation
from which a given image is taken relative to a reference environmental model.
It is a 3D geometry task recently addressed by various learning approaches.
Therefore, the learned representations in visual localization should be robust to
wide illumination or viewpoint changes and provide geometrically meaningful
features for precise geometric regression, like camera poses. Inspired by this, we
argue that robust representation learning relies on well-understood geometric
principles and can be achieved by designing visual localization algorithms that
can handle various scenes with complex geometry and appearance changes over

time. This research question is explored in Chapter 3.

2. Can we find unified representations across images and point clouds, bridging the

gap between 2D and 3D representations?

Pixel-point matching aims to establish fine-grained correspondences between
2D images and 3D point clouds. It is inherently challenging due to the large
discrepancy between 2D and 3D representations as 2D images capture scene
appearance, whereas 3D point clouds encode structure. Fundamentally, 2D im-
ages are projections of the 3D physical world, in which the visual observations of
images and point clouds for an identity environment represent the same under-
lying geometry. Therefore, we believe that by finding the geometric association
between these two representations in pixel-point matching, unified representa-
tions aware of geometry constraints across images and point clouds would be
distilled. Such unified representations can thus work in 2D and 3D domains,
bridging the gap between 2D and 3D representations. This research question is

investigated in Chapter 4.



3. Can we develop informative representations that encode continuous geometric

and semantic properties of an environment from 3D point clouds?

Semantic surface reconstruction from 3D point clouds targets functions that
allow continuous, high-resolution outputs of arbitrary geometric topology with
semantic annotations. In essence, this is the work on multi-task learning. Multi-
modal properties are encoded into informative representations, enabling intelli-
gent machines to plan context-sensitive actions in their environment effectively.
In particular, representations are informative or multi-modal if they contain
properties about several different modalities without significantly increasing
computation. Considering this, we take the step to develop informative repre-
sentations by designing semantic surface reconstruction algorithms with sparse
and incomplete 3D point clouds to support applications that require multi-

modal perception. This research question is studied in Chapter 5.

1.4 Contributions

This section summarizes the contributions of each chapter in this thesis as below.

e In Chapter 3, we propose an attention-based pose regression framework to re-
cover camera pose. Unlike previous methods, the proposed method does not
require sequential (multiple) frames or geometry constraints designed and en-
forced by humans. We show that attention can be used to force the network to
focus on more geometrically robust objects and features, achieving state-of-the-
art performance in the common benchmark, even if using only a single image
as input. Extensive experimental evidence is provided through public indoor
and outdoor datasets. Through visualization of the response maps, we demon-
strate how the network learns to reject dynamic objects, yielding superior global

camera pose regression performance. The work is published in:

Bing Wang, Changhao Chen, Chris Xiaoxuan Lu, Peijun Zhao, Niki Trigoni,
and Andrew Markham. “AtLoc: Attention guided camera localization.” In
Proceedings of the Conference on Artificial Intelligence (AAAI), pages 10393-
10401, 2020.

e In Chapter 4, we present a dual fully-convolutional framework, which is able
to simultaneously achieve feature description and detection between 2D and

3D views. Furthermore, an ultra-wide reception mechanism is equipped when



extracting descriptors to tackle the inherent information variations between
pixel and point local regions. Moreover, a novel loss function that consists
of a circle-guided descriptor loss and a batch-hard detector loss is designed to
explicitly guide the network to learn distinctive descriptors and detect repeat-
able keypoints for both pixels and points. Extensive experiments on pixel and
point matching, visual localization, image matching, and point cloud registra-
tion show the effectiveness and practicability of the proposed framework and
demonstrate the generalization ability and superiority of the novel loss. The

work is published in:

Bing Wang, Changhao Chen, Zhaopeng Cui, Jie Qin, Chris Xiaoxuan Lu,
Zhengdi Yu, Peijun Zhao, Dong Zhen, Zhu Fan, Niki Trigoni, and Andrew
Markham. “P2-Net: Joint description and detection of local features for pixel
and point matching.” In Proceedings of the International Conference on Com-

puter Vision (ICCV), pages 16004-16013, 2021.

e In Chapter 5, we present a new implicit representation based framework to re-
cover the geometry and semantics of continuous 3D scene surfaces from point
clouds. Unlike occupancy fields or signed distance fields which can only model
closed 3D surfaces, our approach is not restricted to any type of topology. Be-
ing different from the existing unsigned distance fields, our framework does
not suffer from any surface ambiguity. In addition, the proposed method can
jointly estimate semantics for continuous surfaces. The key to our approach is
a range-aware unsigned distance function together with a surface-oriented se-
mantic segmentation module. Extensive experiments show that this approach
clearly surpasses state-of-the-art approaches for surface reconstruction on four
point cloud datasets. Moreover, the proposed framework demonstrates supe-
rior generalization capability across multiple unseen datasets, which is nearly

impossible for all existing approaches. The preprint is published in:

Bing Wang, Zhengdi Yu, Bo Yang, Jie Qin, Toby Breckon, Ling Shao, Niki
Trigoni, and Andrew Markham. “RangeUDF: Semantic surface reconstruction
from 3D point clouds.” arXiv preprint arXiv:2204.09138, 2022.

In addition to the above contributions, which address the research challenges dis-
cussed in Section 1.2, I have also made contributions to the following co-authored

publications related to my thesis but will not be included.



Zhao Peijun, Chris Xiaoxuan Lu, Bing Wang, Changhao Chen, Linhai Xie,
Mengyu Wang, Niki Trigoni, and Andrew Markham. “Heart rate sensing with
a robot mounted mmWave RADAR.” In Proceedings of the International Con-
ference on Robotics and Automation (ICRA), pages 2812-2818; 2020.

Chris Xiaoxuan Lu, Stefano Rosa, Peijun Zhao, Bing Wang, Changhao Chen,
John A. Stankovic, Niki Trigoni, and Andrew Markham. “See through smoke:
Robust indoor mapping with low-cost mmWave RADAR.” In Proceedings of
the International Conference on Mobile Systems, Applications, and Services
(MobiSys), pages 14-27, 2020.

Zhao Peijun, Chris Xiaoxuan Lu, Bing Wang, Niki Trigoni, and Andrew
Markham. “3D motion capture of an unmodified drone with single-chip millime-
ter wave RADAR.” In Proceedings of the International Conference on Robotics
and Automation (ICRA), pages 5186-5192, 2021.

Muhamad Risqi U. Saputra, Chris Xiaoxuan Lu, Pedro Porto B. de Gus-
mao, Bing Wang, Andrew Markham, and Niki Trigoni. “Graph-based ther-

mal—inertial SLAM with probabilistic neural networks.” ITEEE Transactions on
Robotics, 38(3):1875-1893, 2021.

Wang Wei, Bing Wang, Peijun Zhao, Changhao Chen, Ronald Clark, Bo
Yang, Andrew Markham, and Niki Trigoni. “PointLoc: Deep pose regressor for
LiDAR point cloud localization.” IEEE Sensors Journal, 22(1):959-968, 2021.

Chen Changhao, Chris Xiaoxuan Lu, Bing Wang, Niki Trigoni, and Andrew
Markham. “DynaNet: Neural Kalman dynamical model for motion estimation

and prediction.” TEEE Transactions on Neural Networks and Learning Systems,

32(12):5479-5491, 2021.

Cai Kaiwen, Bing Wang, and Chris Xiaoxuan Lu. “AutoPlace: Robust place
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1.5 Thesis Structure

The remainder of this thesis is organized as follows:

e Chapter 2 introduces a comprehensive review of various scene representations

towards the accurate recovery of 3D scene geometry and semantics.

e Chapter 3 demonstrates our AtLoc approach, an attention-guided pose regres-
sion framework to recover camera pose by learning geometrically robust repre-

sentations from 2D images.

e Chapter 4 presents our P2-Net framework, a two-branch fully convolutional
network which extracts unified representation across 2D images and 3D point

clouds to establish pixel and point correspondences.

e Chapter 5 exhibits our RangeUDF framework which learns informative implicit
representations to encode the continuous 3D geometry and semantics of scene

surfaces from point clouds.

e The last Chapter 6 concludes the entire thesis and identifies several future re-

search directions.



Chapter 2

Background

This chapter introduces previous research in which various scene representations have
been proposed to infer the accurate 3D geometry of environments and their seman-
tic properties. In particular, we first discuss prior efforts on visual localization with
explicit and implicit map representations in Section 2.1. Then, local feature represen-
tation learning methods in a single domain (2D or 3D) and cross-domain (2D-3D) are
both reviewed in Section 2.2. Next, we illustrate surface reconstruction approaches in
explicit and implicit manners in Section 2.3, followed by 3D semantic representation
learning in Section 2.4. Lastly, Section 2.5 clarifies the relation and novelty of this

thesis regarding previous efforts.

2.1 Visual Localization

Visual localization aims to recover the 6 DoF camera pose from which a given image
was taken relative to a 2D or 3D scene map. The map representation is an abstract
summary of the scene that establishes geometric constraints between observations
and can be queried to get the camera pose when tracking is drifting or lost. In this
section, we introduce deep learning based visual localization according to the type of

map representation: Erplicit Map Representation and Implicit Map Representation.

2.1.1 Explicit Map Representation

Explicit map representation typically represents the scene by a database of geo-tagged
references [272; 86, 263] or a 3D model pre-built from color images via approaches
such as structure-from-motion (SfM) [226] or range images via approaches such as
truncated-signed-distance-function (TSDF') [276].
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Figure 2.1: The typical framework of relative pose regression, i.e. RelocNet [11].

2.1.1.1 Relative Pose Regression

Relative pose regression approaches estimate the camera pose of queried images rel-
ative to one or more geo-tagged references, as shown in Figure 2.1. The typically
two stages of this process with 2D references can be illustrated as follows: image
retrieval determines the most relevant part of a scene represented by reference images
to the visual queries; pose regression obtains the relative pose of the query image
with respect to the references.

The first problem here is how to find suitable image descriptors for image re-
trieval. Deep learning based approaches [44, 252] are based on a pre-trained ConvNet
model to extract image-level features, and then use these features to evaluate the
similarities against other images. In challenging situations, local descriptors are ex-
tracted, followed by being aggregated to obtain robust global descriptors. A good
example is NetVLAD [3] that designs a trainable generalized VLAD (Vector of Lo-
cally Aggregated Descriptors [116] layer. Such a differentiable VLAD layer can be
plugged into the off-the-shelf ConvNet architecture to encourage better descriptors
learning for image retrieval. Furthermore, CamNet [67] applies a two-stage retrieval,
image-based coarse retrieval and pose-based fine retrieval, to select the most similar
reference frames for the final precise pose estimation.

Then, to obtain more precise poses of the queries, additional relative pose esti-
mation with respect to the retrieved images is required. Traditionally, relative pose
estimation is tackled by epipolar geometry, relying on the 2D-2D correspondences
determined by local descriptors [333, 179, 337]. In contrast, deep learning approaches

regress the relative poses straightforwardly from pairwise images. For example, NN-
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Figure 2.2: The typical approach of structure-based localization, i.e. HLoc [227].

Net [139] utilizes a neural network to estimate the pairwise relative poses between
the query and the top N ranked references. A triangulation-based fusion algorithm
coalesces the predicted N relative poses and the ground truth of 3D geometry poses,
and the absolute query pose can be naturally calculated. Furthermore, RelocNet [11]
introduces a frustum overlap loss to assist global descriptors that are suitable for

camera localization.

2.1.1.2 Structure-based Localization

Structure-based localization approaches establish 2D-3D correspondences between the
2D pixels of query images and the 3D points through local descriptors [153, 320, 89,
228], as shown in Figure 2.2. Such 2D-3D matches are then used to calculate camera
pose by applying a Perspective-n-Point solver [84] inside a RANSAC loop [281].
Local descriptor based relocalization mainly relies on establishing the correspon-
dences between 2D visual inputs and the given explicit 3D model by feature de-
scription and detection. Previous learning-based methods in the 2D domain simply
replaced the descriptor [269, 270, 167, 73, 209] or detector [234, 325, 13] with a learn-
able alternative. Recently, approaches to joint description and detection of 2D local

features have attracted increased attention. LIFT [315] is the first, fully learning-
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based architecture to achieve this by rebuilding the main processing steps of SIFT
with neural networks. Inspired by LIFT, SuperPoint [66] additionally tackles keypoint
detection as a supervised task with labeled synthetic data before description, which is
further extended to an unsupervised version [56]. Differently, DELF [199] and LF-Net
[201] exploit an attention mechanism and an asymmetric gradient back-propagation
scheme, respectively, to enable unsupervised learning. Unlike previous research that
separately learns the descriptor and detector, D2-Net [72] designs a joint optimiza-
tion framework based on non-maximal-suppression. To further encourage keypoints
to be reliable and repeatable, R2D2 [219] proposes a listwise ranking loss based on
differentiable average precision. Meanwhile, the concept of deformable convolution
[61] is introduced in ASLFeat [171] for the same purpose.

In practice, the detected descriptors are exploited to perform sparse feature ex-
traction and matching for the requirement of efficiency with a keypoint detector.
Moreover, by disabling the function of keypoint detector, dense feature extraction
and matching [52, 81, 233, 236, 255, 115, 17], show better matching results than
sparse feature matching, particularly under strong variations in illumination [231].
Recently, CD-VLM [71] and VS-Net [114] present alternative ways to establish cor-
respondence by cross-descriptor matching and scene-specific landmarks, respectively,

offering new solutions for visual localization.

2.1.2 TImplicit Map Representation

Implicit map representation typically represents the scene by a deep neural network,
which can be leveraged to directly regress camera pose [126, 28, 282] or scene coordi-
nates [36, 100, 241, 176].

2.1.2.1 Absolute Pose Regression

Absolute pose regression approaches directly regress camera pose from single images
by implicitly representing a 2D map inside a deep neural network. As shown in
Figure 2.3, the typical pipeline is illustrated: the input to a neural network is single
images, while the output is the global position and orientation of query images.
PoseNet [126] is the first work to tackle the camera relocalization problem by
training a ConvNet to predict camera pose from single RGB images in an end-to-
end manner. It is based on the main structure of GoogleNet [254] to extract visual
features, but removes the last softmax layers. Instead, a fully connected layer is in-

troduced to output a 7-dimensional global pose, consisting of position and orientation
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Figure 2.3: The typical framework of absolute pose regression, i.e. PoseNet [126].

vector in 3 and 4 dimensions, respectively. However, PoseNet is designed with a naive
regression loss function without any consideration for geometry, in which the hyper-
parameters inside require expensive hand-engineering to be tuned. Furthermore, it
also suffers from the overfitting problem due to the high dimensionality of the feature
embedding and limited training data.

Various extensions are proposed to enhance the original pipeline, for example, by
exploiting LSTM units to reduce the dimensionality [280], applying synthetic gen-
eration to augment training data [192, 294, 213, 336|, replacing the backbone [180],
modeling the pose uncertainty [123, 32, 30|, introducing geometry-aware loss func-
tion [124] and associating features via an attention mechanism [282]. A prior guided
dropout mask is additionally adopted in RVL [113] to further eliminate the uncer-
tainty caused by dynamic objects. VidLoc [57] incorporates temporal constraints of
image sequences to model the temporal connections of input images for visual local-
ization. Moreover, additional motion constraints, including spatial constraints and
other sensor constraints from GPS or SLAM systems are exploited in MapNet [28], to
enforce the motion consistency between predicted poses. Similar motion constraints
are also added by jointly optimizing a relocalization network and visual odometry
network [278; 305, 266]. However, being application-specific, scene representations
learned from localization tasks may ignore some useful features they are not designed
for. Out of this, VLocNet++ [216] additionally exploits the inter-task relationship
between learning semantics and regressing poses, achieving impressive results. More
recently, Graph Neural Networks (GNNs) are introduced to tackle the multi-view
camera relocalization task in GR-Net [306] and PoGO-Net [150], enabling the mes-
sages of different frames to be transferred beyond temporal connections. MSPN [18]
and MS-Transformer [239] extend the absolute pose regression paradigm for learning

a single model on multiple scenes.
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2.1.2.2 Scene Coordinate Regression

Different from local descriptor based relocalization that establishes 2D-3D correspon-
dences by descriptor matching between image and explicit 3D map, scene coordinate
regression approaches learn an implicit transformation from 2D pixel coordinates to
3D point coordinates. As shown in Figure 2.4, they estimate the 3D coordinates of
each pixel from the query image within the world coordinate system.

DSAC [22] utilizes a ConvNet model to regress scene coordinates, followed by a
novel differentiable RANSAC to allow end-to-end training of the whole pipeline. Such
a common pipeline is then improved by introducing the reprojection loss [24, 27, 149]
or multi-view geometric constraints [33] to enable unsupervised learning, jointly learn-
ing the observation confidences [29, 26] to enhance the sampling efficiency and accu-
racy, exploiting the Mixture of Experts (MoE) strategy [25] or hierarchical coarse-
to-fine [147, 289] to eliminate environment ambiguities. Different from these, KFNet
[331] extends the scene coordinate regression problem to the time domain and thus
bridges the existing performance gap between temporal and one-shot relocalization
approaches. However, they are still trained for a specific scene and cannot be gener-
alized to unseen scenes without being re-trained. To build a scene agnostic method,
SANet [311] regresses the scene coordinate map of the query by interpolating the 3D
points associated with the retrieved scene images. Unlike aforementioned methods
trained in a sparse manner, FSCR [148] and DSM [258] are proposed to perform the
scene coordinate regression in a dense manner to make the computation more efficient
during inference. And more importantly, they add global context to the regression

process to improve the robustness.
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Figure 2.5: The representative framework of 2D local feature description and detec-
tion, i.e. SuperPoint [66].

2.2 Local Feature Representation

Local features and their descriptors, which are compact vector representations of a lo-
cal neighborhood, are the building blocks of many computer vision algorithms. Those
representations allow an application to find local structures in a repeatable fashion
and to encode them in a representation that is invariant to a range of transformations,

such as translation, rotation, scaling, and affine deformation.

2.2.1 2D Local Feature Description and Detection

As shown in Figure 2.5, the most common approach to 2D local feature description
and detection first performs feature detection [234, 325, 13] and then extracts a fea-
ture descriptor from a patch centered around each keypoint [269, 270, 167, 73, 209].
Keypoint detection typically serves to provide robustness or invariance against effects
such as scaling, rotation, and viewpoint changes.

However, some of these properties can also be delegated to feature description.
Therefore, the learning of descriptors is typically coupled with keypoint detection.
Considering these, recent learning methods can be generally divided into three types:
detect-then-describe, detect-and-describe, and describe-then-detect, according to the
role of detector and descriptor in the learning process.

Detect-then-describe approaches first perform feature detection and then extracts
a feature descriptor from a patch centered around each keypoint [183, 142]. The key-
point detector is typically responsible for providing robustness or invariance against
possible real issues such as scale transformation, rotation, or viewpoint changes by
normalizing the patch accordingly. However, some of these responsibilities might
also be delegated to the descriptor. The common pipeline varies from using hand-
crafted detectors [14, 168] and descriptors [34, 222], replacing either the descriptor
(12, 242, 243, 221, 187, 73, 138, 209, 287, 268| or detector [234, 325, 13] with a learned
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Figure 2.6: The representative framework of 3D local feature description and detec-
tion, i.e. D3Feat [9].

alternative, or learning both the detector and descriptor [201, 315, 335, 169]. For ef-
ficiency, the feature detector often considers only small image regions and typically
focuses on low-level structures such as corners or blobs [103]. The descriptor then
captures higher level information in a larger patch around the keypoint.

In contrast, detect-and-describe approaches advance the description stage. By
sharing a representation from a deep neural network, SuperPoint [66] and R2D2 [219]
attempt to learn a dense feature descriptor and a feature detector. However, they rely
on different decoder branches which are trained independently with specific losses. On
the contrary, D2-Net [72] and ASLFeat [171] share all parameters between detection
and description and use a joint formulation that simultaneously optimizes for both
tasks. Alternatively, the describe-then-detect approach, e.g. D2D [267], postpones the
detection to a later stage but applies such a detector on pre-learned dense descriptors

to extract a sparse set of keypoints and corresponding descriptors.

2.2.2 3D Local Feature Description and Detection

Most prior work in the 3D domain has focused on the learning of descriptors. In con-
trast to traditional hand-crafted descriptors, recent works [332, 40, 318, 314] leverage
data-driven deep neural networks to learn local features from large-scale datasets,
as shown in Figure 2.6. For example, instead of directly processing 3D data, early
attempts [248, 332] extract representations from multi-view images for 3D keypoint
description. These descriptors tend to have strong descriptive ability and robustness.

In contrast, 3DMatch [321] constructs rotation-variant descriptors by converting

3D patches into a voxel grid of truncated distance function values. In addition, a
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dense feature description with a fully convolutional setting is proposed in FCGF
[54]. For the detector learning, USIP [144] utilizes a probabilistic chamfer loss to
detect and localize keypoints in an unsupervised manner. Motivated by this, 3DFeat-
Net [313] is the first attempt for 3D keypoints joint description and detection on
point patches, which is then improved by D3Feat [9] to process full-frame point sets,
achieving the state-of-the-art performance of point cloud registration on 3DMatch
[321] and KITTTI [87] datasets. All of these learned rotation-variant descriptors, how-
ever, are susceptible to rigid transformation in Euclidean space. Although extensive
data augmentation can be leveraged to mitigate this issue to some extent, the overall
performance of the following tasks remains suboptimal [78].

Alternatively, rotation-invariant descriptors have been explored in many recent re-
searches. In CGF [127], the input raw point clouds are parameterized using spherical
histograms centered at each point, which are then mapped from the high-dimensional
space of spherical histograms to a very low-dimensional Euclidean space using a deep
neural network. Ppf-Net and its extension [63, 64] directly operate on unordered point
sets to describe 3D keypoints. However, such methods require point cloud patches as
input, resulting in an efficiency problem. This constraint severely limits its practica-
bility, especially when fine-grained applications are needed. The voxelized smoothed
density value is introduced in PerfectMatch [94], where the local surface is encoded
as a compact, rotation-invariant representation and fed to the Siamese architecture
to generate the final descriptor. Overall, these methods can learn rotation-invariant
features from local surfaces but initially rely on classical handcrafted features, which
significantly limits the descriptiveness of the descriptor. In addition, most of the
handcrafted features mentioned above are based on point pairs and point densities,
both sensitive to noise, interference, and distance fluctuations, making it difficult to
generalize the learned features to new scenarios.

A few recent papers have attempted to learn such descriptors in an end-to-end
manner [246, 316, 128, 146, 2|. To ensure rotation invariance, they either need to cal-
culate the point density or require external reference frames. This is usually unstable

and may not generalize well to previously unexplored datasets.

2.2.3 2D-3D Local Feature Description

Unlike the well-researched area of learning descriptors in either a single 2D or 3D
domain, little attention has been paid on the learning of 2D-3D feature description,
as shown in Figure 2.7. A 2D-3D descriptor is generated for object-level retrieval

tasks by directly binding the hand-crafted 3D descriptor to a learned image descriptor
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Figure 2.7: The example approach of patch-based 3D local feature description and
detection, i.e. 3DTNet [300].

[152]. Similarly, 3DTNet [300] learns distinctive 3D descriptors for 3D patches with
auxiliary 2D features extracted from 2D patches. Recently, both 2D3DMatch-Net [82]
and LCD [212] propose to learn descriptors that allow direct matching across 2D and
3D local patches for retrieval problems. However, all these methods are patch-based,

which are not applicable in real usages requiring high-resolution outputs.

2.3 Surface Reconstruction

Surface reconstruction refers to the ability of an intelligent system to perceive and
build a consistent environmental structure to describe surroundings. Deep learning
has fostered a set of tools for scene perception and understanding, with applications
ranging from depth prediction, object detection, to semantic labeling and 3D ge-
ometry reconstruction. This section provides an overview of existing works relevant
to deep learning based surface reconstruction methods. We categorize them by the

surface representations they learn as either explicit or implicit representations.

2.3.1 Explicit Surface Representation

Broadly, explicit surface representation directly captures the shape and structural
description of a scene. As shown in Figure 2.8, typical choices of explicit surface
representations include depth, point, boundary, mesh and voxel.

1) Depth representation: Learning depth from raw images is a fast-evolving area
in the computer vision community. There are generally three main categories: su-

pervised learning [74], self-supervised learning with spatial consistency [85, 92] and
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Figure 2.8: An illustration of representative explicit surface representations: (a) orig-
inal model, (b) depth , (c) voxel (d) point and (e) mesh representation.

self-supervised learning with temporal consistency[334]. The learned depth infor-
mation can be integrated into SLAM systems to address some limitations of classical
monocular solutions. For example, CNN-SLAM [260] utilizes the learned depths from
single images into a monocular SLAM framework (i.e. LSD-SLAM [75]). It shows
how learned depth maps contribute to mitigating the absolute scale recovery problem
in pose estimates and scene reconstruction. With the dense depth maps predicted by
ConvNets, CNN-SLAM provides dense scene predictions in texture-less areas, which
is normally hard for a conventional SLAM system.

2) Voxel representation: Similar to the usage of pixels in images, voxel is a vol-
ume element in a three-dimensional space. Previous works explore the use of multiple
input views to reconstruct the volumetric representation of a scene [117, 208] and ob-
jects [120]. For example, SurfaceNet [117] learns to predict the confidence of a voxel
to determine whether it is on a surface or not, and reconstruct the 2D surface of
a scene. RayNet [208] reconstructs the scene geometry by extracting view-invariant
features while imposing geometric constraints. Recent works focus on generating
high-resolution 3D volumetric models [102, 259]. For example, OGN [259] designs a
convolutional decoder based on the octree-based formulation to enable scene recon-
struction in much higher resolution. Others can be found on scene completion from
RGB-D data [60, 220]. One limitation of voxel representation is its high computa-
tional requirement, especially when reconstructing a scene in high resolution.

3) 3D Points Representation: Deep learning is also introduced to generate 3D
points from raw images. The point-based formulation consists of the 3-dimensional
coordinates (x, y, z) of points in 3D space. It is easy to understand and manipu-
late, but suffers from the ambiguity problem, which means that different forms of
point clouds can represent the same geometry. The pioneering work, PointNet [214],

processes unordered point data with a single symmetric function - max pooling, to
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aggregate point features for classification and segmentation. PSG-Net [80] develops a
deep generative model that generates 3D geometry in point-based formulation from
single images. In their work, a loss function based on Earth Mover’s distance is in-
troduced to tackle the problem of data ambiguity. However, their method is only
validated on the reconstruction task of single objects. No work on point generation
for scene reconstruction has been found yet, due to the large computational burden.

3) Mesh representation: Mesh-based formulation naturally captures the surface of
the 3D shape. It encodes the underlying surface structure of 3D models, such as edges,
vertices and faces. Several works consider the problem of learning mesh generation
from images [97, 285] or point clouds [134, 59, 210]. However, these approaches
are only able to reconstruct single objects, and are limited to generating models
with simple structures or from familiar classes. To tackle the problem of surface
reconstruction with mesh representation, [188] integrates the sparse features from
monocular SLAM with the dense depth maps from ConvNets to the updated 3D mesh
representation. The depth predictions are fused into a monocular SLAM system to
recover the absolute scale of pose and scene features. To allow efficient computation
and flexible information fusion, [20] utilizes 2.5D mesh to represent scene geometry.
In this approach, the image plane coordinates of mesh vertices are learned by deep
neural networks, while depth maps are optimized as free variables.

In conclusion, to model explicit 3D geometry of objects and scenes, impressive
progress has come from recent advances in recovering voxel grids [55], point clouds
[80], triangle meshes [121] and shape primitives [338] from either images or point
clouds. Although they have shown great performance in shape reconstruction [308],
completion [245], shape generation [155], and scene understanding [90], the quality of
such discrete shape representations is inherently limited by the spatial resolution and

memory footprint. Consequently, they are hard to scale up to complex 3D scenes.

2.3.2 Implicit Surface Representation

Beyond explicit surface representations, deep learning models are able to encode the
whole scene into an implicit surface representation, i.e. a neural function to capture
the underlying scene geometry and appearance, as shown in Figure 2.9.

Utilizing deep auto-encoders can automatically discover the high-level compact
representation of high-dimensional data. A notable example is CodeSLAM [19] which
encodes observed images into a compact and optimizable representation to contain
the essential information of a dense scene. This learned implicit representation is

further used in a keyframe-based SLAM system to infer both pose estimates and depth
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Figure 2.9: A typical implicit surface representation, i.e. DeepSDF [206].

maps. Due to the reduced size of learned representations, CodeSLAM allows efficient
optimization of tracking camera motion and scene geometry for global consistency.

Neural rendering models are another family of works that learn to model 3D scene
structure implicitly by exploiting view synthesis as a self-supervision signal. The tar-
get of the neural rendering task is to reconstruct a new scene from an unknown
viewpoint. The seminal work, GQN [77] learns to capture an implicit neural repre-
sentation, which is then used to render novel views. GQN consists of a representation
network and a generation network: the representation network encodes the observa-
tions from reference views into a scene representation; the generation network which
is based on a recurrent model, reconstructs the scene from a new view conditioned
on a scene representation and a stochastic latent variable. Taking inputs as the ob-
served images from several viewpoints, and the camera pose of a new view, GQN
predicts the physical scene of this new view. Intuitively, through end-to-end training,
the representation network can capture the necessary and important factors of the
3D environment for the scene reconstruction task via the generation network. GQN
is then extended by incorporating a geometric-aware attention mechanism to allow
more complex environment modeling [271], as well as including multi-modal inputs
for accurate scene inference [154].

Recently, NeRF [184] proposes to explicitly encode the radiance fields of com-
plicated 3D scenes into the weights of MLPs. It delivers an impressive realism for
demanding 3D situations by utilizing volume rendering to generate new views for 2D
supervision. However, there are three main limitations: 1) because each 3D scene is

stored into all MLP weights, the trained network (i.e., a learned radiance field) can
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only represent a single scene and is hard to generalize to novel circumstances; 2) as a
single camera ray requires tens or even hundreds of the evaluations of the 3D neural
scene representation, NeRF-based approaches are computationally expensive, leading
to slow rendering time; 3) due to the fact that each spatial 3D location along a light
ray is only optimized by the available pixel RGBs, the learned implicit representations
of that site lack the general geometric patterns, resulting in less photo-realistic syn-
thetic images. Considering these, the following works are proposed to further address
the problem of generalization [274, 238], geometry [194] and efficiency [317, 158].

In addition, MLPs have been recently used to learn implicit functions to represent
continuous 3D scene surfaces from 3D supervisions. Such implicit representations
can be generally classified as: 1) occupancy fields [182, 45], 2) signed distance fields
(244, 206], 3) unsigned distance fields [48, 6], and 5) hybrid fields [286]. Among them,
both occupancy fields and signed distance fields can only recover closed 3D surfaces,
while unsigned distance fields have the ability to represent diverse topologies. In
the past two years, these representations have been extensively studied for shape
reconstruction [211, 224, 37, 172, 324], neural rendering and novel view synthesis [198],
shape generation [170], and understanding [145, 322]. Although achieving impressive

results, almost all of these works focus on single objects or small-scale scenes.

2.4 3D Semantic Representation

3D semantic representation connects semantic concepts (i.e. object classification, ma-
terial composition etc.) with environment geometry. The advances in deep learning
greatly foster the developments of object recognition and semantic segmentation. Re-
construction with semantic meanings enables intelligent agents to have a high-level
understanding of their environments beyond pure geometry, and allows for a greater

range of functionality and autonomy.

2.4.1 3D Semantics with 2D Supervision

SemanticFusion [178] is one of the early works that combine the semantic segmenta-
tion labels from deep ConvNet with the dense scene geometry from a SLAM system. It
incrementally integrates per-frame semantic segmentation predictions into a dense 3D
map by probabilistically associating 2D frames with a 3D map. This combination not
only generates a representation with useful semantic information, but also shows the
integration with a SLAM system helps to enhance the single frame segmentation. The

two modules are loosely coupled in SemanticFusion. Furthermore, a self-supervised
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Figure 2.10: An example of 3D semantics with 2D supervision, i.e. DA-RNN [148].

network is proposed in [173] that predicts consistent semantic labels for a scene, by
imposing constraints on the consistency of semantic predictions in multiple views.
DA-RNN [298] introduces recurrent models into a semantic segmentation framework
to learn the temporal connections over multiple view frames, producing more accu-
rate and consistent semantic labeling for volumetric scene representations. Yet these
methods provide no information on object instances. It means that they are not able
to distinguish among different objects from the same category. Recently, Semantic
NeRF [329] jointly encodes semantics with appearance and geometry, exploiting the
intrinsic multi-view consistency and smoothness of NeRF benefit semantics. Figure
2.10 shows an example of 3D semantic reconstruction from images.

With the advances in instance segmentation, semantic reconstruction evolves into
the instance level. A good example is [251] that offers object-level semantic recon-
struction by identifying individual objects via a bounding box detection module and
an unsupervised geometric segmentation module. Unlike other dense semantic re-
construction approaches, Fusion++ [177] builds a semantic graph-based map, which
predicts only object instances and maintains a consistent surface via loop closure de-
tection, pose-graph optimization and further refinement. Voxblox-++ [96] presents a
framework that achieves instance-aware semantic reconstruction, and enables novel
object discovery. Recently, panoptic segmentation [131] has attracted a lot of atten-
tion. PanopticFusion [191] advances semantic reconstruction to the level of ‘stuff’
and ‘things’ level that classifies static objects, e.g. walls, doors, lanes as stuff classes,

and accountable objects as things classes, e.g. moving vehicles, humans and tables.
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Figure 2.11: The illustration of 3D semantics with 3D supervision, i.e. KITTI [15].

2.4.2 3D Semantics with 3D Supervision

Given fully-annotated point cloud datasets, the existing approaches have achieved
excellent semantic segmentation accuracy. However, these methods are designed to
classify the discrete and individual 3D points explicitly sampled from scene surfaces.

In particular, to learn per-point semantic representations from point clouds, ex-
isting methods generally include 1) projection and voxel-based methods [95] and 2)
point-based methods [214]. Although voxel-based techniques provide superior seman-
tic segmentation performance [95, 140, 51, 181, 43], the high computational cost limits
their real-time usage, especially when processing large-scale point clouds.

The representative point-based approach PointNet [214] presents promising per-
formance on the tasks of classification and semantic segmentation. However, this
method does not consider context features, which is addressed by the following studies
with various powerful neural modules to learn per-point local features. Such modules
can be generally divided as 1) neighboring feature pooling [215, 143, 328, 327, 70], 2)
graph message passing [292, 240, 283, 284, 40, 118, 160, 261, 302, 291], 3) kernel-based
convolution [247, 303, 151, 111, 296, 141, 132, 135, 264, 175, 217, 166, 21, 107, 157], 4)
attention-based aggregation [163, 326, 310, 203, 291}, and 5) recurrent-based learning
[165, 112, 312, 295]. Moreover, to efficiently and effectively process large-scale point
clouds, the multi-scale and graph-based strategies [76, 99, 136] are exploited in the
preprocessing stage to learn per super-point semantics. Alternatively, voxel-based
and point-based networks are simultaneously involved in [218; 42] when processing
massive point clouds. More recently, RandLLA-Net [109] proposes a novel local feature
aggregation module combined with a random point feature down-sampling strategy,

achieving efficient and effective processing for large-scale point clouds.
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RangeUDF (Ours)

2022

Category Approach Year Contribution
2 NN-Net [139] 2017 joint retrieval and relative pose estimation
= % RelocNet [11] 2018 camera frustum overlap loss
= & CamNet [67] 2019 multi-stage image retrieval
E o InLoc [255] 2018 dense data association and view synthesis
g e £ HLoc [227] 2019 coarse-to-fine localization
g B Z VS-Net [114] 2021 vote by landmark segmentation
‘% i PixLoc [228] 2021 direct alignment of multi-scale features
é @ PoseNet [124] 2017 first neural pipeline
= = MapNet [28] 2018 impose geometric and temporal constraints
Z ;E 2 AtLoc (Ours) 2020 attention-guided spatial correlation
- j - MSPN [18] 2021 extend to multiple scenes
% = DSAC [22] 2017 joint learning with differentiable RANSAC
g £ = SANet [311] 2019 scene agnostic architecture
5 § HSC-Net [147] 2020 hierarchical regression strategy
© DSM [258] 2021 dense coordinates prediction
o SuperPoint [66] 2018 self-supervised detection and description
g A E R2D2 [219] 2019 unsupervised loss for repeatable detection
< o g D2-Net [72] 2019 joint detection and description
?E ASLFeat [171] 2020 deformable convolutions for detection
gé - 3DFeat-Net [313] 2018 weakly joint detection and description
~ A E PPF-Net [63] 2018 context-aware description
95’ g D3Feat [9] 2020 full-frame joint detection and description
b SpinNet [2] 2021 spatial point transformer
- - 3DTNet [300] 2018 auxiliary learning
§ % EE 2D3DMatch-Net [300] 2019 patch-based classification
— Q g LCD [212] 2020 cross-domain description
P2-Net (Ours) 2021 joint detection and description
JE MS-DepthNet [74] 2014 depth representation
o = 8 SurfaceNet [117] 2017 voxel representation
o ‘% E (;5 PSG-Net [80] 2017 point representation
S E Pixel2Mesh [285] 2018 mesh representation
(;5 g - o DeepSDF [206] 2019 neural signed distance function
g % é OccNet [182] 2019 neural occupancy classifier
E & NDF [48] 2020 neural unsigned distance fields
RangeUDF (Ours) 2022 continuous function for 3D semantic surface
% SemanticFusion [178] 2017 associate 2D semantics with a 3D map
< 5 S & DA-RNN [298] 2018 temporal connections over multiple view frames
§ § 2 SemanticNeRF [329] 2021 encode semantics with appearance and geometry
(% % " PointNet [214] 2017 consuming unordered point sets
- KPConv [264] 2019 kernel point convolution
2 i %D RandLA-Net [109] 2020 efficient random sampling strategy

continuous function for 3D semantic surface

Table 2.1: The summary of typical scene representation learning methods.

26



2.5 Discussion

The existing deep learning approaches show their potential to represent scenes with
geometry and semantics. However, they are still limited to learning robust, uni-
fied and informative scene representations, which are further explored in this thesis
through visual Localization, pixel-point matching, and semantic surface reconstruc-
tion tasks. This section clarifies the relations between such desired scene represen-
tations and the investigated tasks, and highlights the novel aspects of this thesis

compared with state of the art in such contexts, as also illustrated in Table 2.1.

1. Learning robust representations for visual localization.

Visual localization typically establishes geometric constraints between images
to recover poses from which a given observation was taken relative to a 2D or 3D
scene map. The key to visual localization is the concept of geometrically robust
representations, in which robustness refers to the feature invariance against
various conditions, e.g. motion blur, perceptual aliasing, appearance changes

or dynamic objects, producing sufficiently accurate estimates of poses.

Being application-specific, explicit representations may ignore useful (some-
times, the only available) features in environments they were not designed
for, and are inflexible to update. Considering these, the AtLoc is proposed
in Chapter 3 to implicitly learn geometrically robust representations through
visual localization. The neural architecture consists of a visual encoder which
extracts features from a single image, an attention module to compute the at-
tention and reweight the features, and a pose regressor which maps the new
features into the camera pose. The overall pipeline extends from PoseNet [126]
as discussed in Section 2.1, which is the first neural pipeline of absolute pose
regression. This approach is then extended by leveraging RNNs (e.g. LSTM)
to spatially [280, 288] and temporally [57] improve localization accuracy. Later
on, localization performance is further improved by estimating uncertainty of
the global camera pose with Bayesian CNN [123, 32] and replacing feature ex-
traction architecture with Residual Neural Network [180]. However, they rely
on the hand-tuned scale factor to balance the position and rotation losses dur-
ing the learning process. To address this issue, a learning weighted loss and a
geometric reprojection loss [124] are introduced to produce more precise results.

Recent efforts additionally leverage the motion constraints from paired images
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28, 113], augment training data by synthetic generation [213] or introduce pose-
graph optimization with a neural graph model [205], aiming to extract robust

representations for accurate camera pose regression.

Although these approaches have achieved impressive results in camera localiza-
tion, current single-image techniques typically suffer from a lack of robustness,
leading to large errors. To some extent, this has been tackled by sequential
(multi-images) or motion constraint approaches, which can learn to reject dy-
namic objects and illumination conditions to achieve better performance. To
overcome this, the proposed AtLoc introduces a self-attention mechanism to
encourage the framework to automatically learn geometrically robust features,
mitigating the impacts from dynamic objects and changing illumination with-
out imposing the temporal information or motion constraints as the previous

work discussed in Section 2.1.

. Learning unified representations for pixel and point matching.

Local features refer to a pattern or distinct structure found in the inputs. They
are usually associated with an image or point cloud region that differs from
its immediate surroundings by color, structure, or intensity. Unlike 2D or 3D
local feature representations that can only work in the single 2D or 3D domain,
the cross-domain 2D-3D local features allow more general and flexible usages in

practice by extracting unified representations from pixel and point matching.

In Chapter 4, we propose P2-Net to directly match 2D pixels and 3D points by
learning a unified representation across images and point clouds. The overall
framework of P2-Net extends the general idea of describe-and-detect from D2-
Net discussed in Section 2.2. Similar works include ASLFeat [171] and D3Feat
[9]. Despite a plethora of learning-based 2D or 3D local feature descriptors
and detectors having been proposed, the derivation of a shared descriptor and
joint keypoint detector that directly matches pixels and points remains under-
explored by the community. Thus, P2-Net takes the initiative to establish fine-
grained correspondences between 2D images and 3D point clouds by learning
a unified representation. In particular, P2-Net is a dual fully-convolutional
framework that maps 2D and 3D inputs into a shared latent representation

space to simultaneously describe and detect keypoints.

However, because of the sparsity of point clouds, the local feature for a point

can be mapped to (or from) many pixel features taken from pixels that are
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spatially close to the point, increasing the matching ambiguity. To address this
problem, an ultra-wide reception mechanism, achieved by dilated convolutions,
is equipped when extracting descriptors to tackle the intrinsic information vari-
ations between pixel and point local regions. Additionally, due to the large
discrepancy between 2D and 3D data property and the inflexibility in their
optimization procedures, existing descriptor loss formulations [72, 171, 9] for
either 2D or 3D local feature description do not guarantee convergence in this
new context. Therefore, we design a circle-guided descriptor loss in combi-
nation with a full sampling strategy, allowing us to robustly learn distinctive
descriptors by optimizing positive and negative matches in a self-paced manner.
Moreover, existing detectors discussed in Section 2.2 only focus on penalizing
the confounding descriptors from a safe region, resulting in suboptimal match-
ing results in practice. To overcome these shortcomings, a batch-hard detector
loss is proposed, which additionally seeks for the repeatability of detections by
encouraging the difference between the positive and globally hardest negative

matches.

. Learning informative representations for 3D semantic surface recon-

struction.

Connecting semantic concepts with environment geometry can advance the field
of machine learning of compact and informative scene representations. Surface
reconstruction with semantic meanings enables intelligent systems to have a
high-level understanding of their environments beyond pure geometry, and al-
lows for a greater range of functionality and autonomy. Beyond learning robust
and unified representations to build the geometric relations among visual inputs,
we explore an informative implicit representation to recover both the continuous
geometric and semantic information of 3D scene surfaces from point clouds in
Chapter 5. The proposed RangeUDF is a general framework for reconstructing

continuous accurate surfaces and estimating precise semantics simultaneously.

Recent implicit representations have shown great potential to reconstruct com-
plex shapes from point clouds. The key advantage is the ability to represent 3D
structures as continuous functions, which can achieve unlimited spatial resolu-
tion in theory. Implicit representations can broadly be divided into: occupancy
fields (OF) [182], signed distance fields (SDF) [206], and unsigned distance fields
(UDF) [48]. However, the widely used OF and SDF can only model closed sur-

faces as they classify continuous points in 3D as inside or outside the surface.
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Although UDF-based methods can achieve high-fidelity results in recovering
truly open surfaces, the efficiency is limited by voxel resolutions and surface
ambiguity. Moreover, with the fast development of implicit representation of

3D scenes, it is desirable to learn semantics for implicit surfaces.

To address these problems, our RangeUDF framework offers the following unique
aspects: 1) a range-aware neural interpolation module that can clearly avoid
the surface ambiguity for all query points to infer accurate unsigned surface
distances, and 2) a surface-oriented semantic segmentation module that can
effectively learn surface semantics even if the query points are far from the
surfaces during training. The aspects above make RangeUDF not restricted
to any surface topology and can recover fine-grained geometry and semantics

regardless of the openness, sparsity and density of input point clouds.
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Chapter 3

Learning Robust Representations
for Visual Localization

3.1 Introduction

Location information is of key importance to a wide variety of applications, from
virtual reality to delivery drones, to autonomous driving. One particularly promising
research direction is camera pose regression or localization - the problem of recovering
the 3D position and orientation of a camera from an image or set of images.

Camera localization has been previously tackled by exploiting the appearance
and geometry in a 3D scene, for example, key points and lines, but suffers from
performance degradation when deployed in the wild [22, 280]. This is due to the
fact that the handcrafted features change significantly across different scenarios due
to lighting, blur and scene dynamics leading to poor global matches. Recent deep
learning based approaches are able to automatically extract features and directly
recover the absolute camera pose from a single image, without any hand-engineering
effort, as was demonstrated in the seminal PoseNet [126]. Extensions include the use
of different encoder networks e.g. ResNet in PoseNet Hourglass [180] or geometric
constraints [124]. Although these techniques show good performance in general, they
are plagued by a lack of robustness when faced with dynamic objects or changes
in illumination. This is particularly apparent in outdoor datasets where scenes are
highly variable e.g. due to moving vehicles or pedestrians.

To tackle this lack of robustness, further techniques have considered using multiple
images as input to the network, with the premise being that the network can learn to
reject temporally inconsistent features across frames. Examples include VidLoc [57]

and MapNet [28] which achieves impressive performance in camera pose regression.
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PoseNet+ AtLoc (Ours)

Figure 3.1: Response maps of one scene selected from Oxford RobotCar [174] indicate
that AtLoc is able to force the neural network model to focus on geometrically robust
objects (e.g. building structures in the right) rather than environmental dynamics
(e.g. moving vehicles in the left) compared with PoseNet+ [28].

In this chapter we pursue an alternative approach to achieve robust camera lo-
calization and ask if we can achieve or even surpass the performance of multi-frame,
sequential techniques by learning to attentively focus on parts of the image that are
temporally consistent and informative e.g. buildings, whilst ignoring dynamic parts
like vehicles and pedestrians, using a single image as input, as shown in Figure 3.1. We
propose AtLoc - Attention Guided Camera Localization, an attention based pose
regression framework to recover camera pose. Unlike previous methods, our pro-
posed AtLoc does not require sequential (multiple) frames nor geometry constraints
designed and enforced by humans.

We show that our model outperforms previous techniques, and achieves state-of-
the-art results in common benchmarks. It works efficiently across both indoor and
outdoor scenarios and is simple and end-to-end trainable without requiring any hand-
crafted geometric loss functions. We provide detailed insight into how incorporating
attention allows the network to achieve accurate and robust camera localization.

The main contributions of this chapter are as follows:

1. We propose a novel self-attention guided neural network for single image camera

localization, allowing accurate and robust camera pose estimation.

2. By visualizing the feature response map after the attention, we show that our
attention mechanism encourages the framework to learn stable features for vi-

sual localization.
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3. Through extensive experiments in both indoor and outdoor scenarios, we show
that our model achieves state-of-the-art performance in pose regression, even

outperforming multiple frame (sequential) methods.

3.2 Related Work

Deep Neural Networks for Camera Localization Recent attempts have in-
vestigated camera localization using deep neural networks (DNNs). Compared with
traditional structure-based methods [41, 273, 162] and image retrieval-based meth-
ods [153, 229, 3], DNN-based camera localization methods can automatically learn
features from data rather than building a map or a database of landmark features
by hand [232]. As the seminal work in this vein, PoseNet[126] is the first one to
adopt deep neural networks to estimate camera pose from a single image. This ap-
proach is then extended by leveraging RNNs (e.g. LSTM) to spatially [280, 288] and
temporally [57] improve localization accuracy. Later on, localization performance
is further improved by estimating the uncertainty of the global camera pose with
Bayesian CNN [123, 32] and replacing feature extraction architecture with Residual
Neural Network [180]. However, the aforementioned approaches rely on the hand-
tuned scale factor to balance the position and rotation losses during the learning
process. To address this issue, a learning weighted loss and a geometric reprojection
loss [124] are introduced to produce more precise results. Recent efforts additionally
leverage the geometric constraints from paired images [28, 113], augment training data
by synthetic generation[213] or introduce pose-graph optimization with neural graph
model[205]. Instead of imposing the temporal information or geometry constraints as
in the previous work, we developed an attention mechanism for DNN-based camera
localization to self-regulate itself, and automatically learn to constrain the DNNs to
focus on geometrically robust features. Our model outperforms previous approaches,

and achieves state-of-the-art results in common benchmarks.

Attention Mechanism Our work is related to the self-attention mechanisms,
which have been widely embedded in various models capturing long-term depen-
dencies [8, 301, 307]. Self-attention was initially designed for machine translation
[279, 69, 46], achieving state-of-the-art performance. It is also integrated with an
autoregressive model to generate images as Image Transformer [207, 130]. Another

usage is to be formalized as a non-local operation to capture the spatial-temporal
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Figure 3.2: An overview of our proposed AtLoc framework, consisting of a Visual
Encoder (extracts features from a single image), an Attention Module (computes the
attention and reweights the features), and a Pose Regressor (maps the new features
into the camera pose).

dependencies in video sequences [290, 319]. A similar non-local architecture was in-
troduced to Generative Adversarial Networks (GANSs) for extracting global long-range
dependencies [323, 159]. [205] used an attention-based recurrent neural network for
back-end optimization in a SLAM system, but not for camera relocalization. Despite
its successes in a wide range of computer vision [83, 39] and natural language process
tasks, self-attention has never been explored in camera pose regression. Our work
integrated a non-local style self-attention mechanism into the camera localization
pipeline to show the effectiveness of correlating robust key features and thus improve

localization performance.

3.3 Attention Guided Camera Localization

This section introduces Attention Guided Camera Localization (AtLoc), a self-attention
based deep neural network architecture to learn camera poses from a single image.
Figure 3.2 illustrates a modular overview of the proposed framework, consisting of
a visual encoder, an attention module and a pose regressor. The scene of a single
image is compressed into an implicit representation by the visual encoder. Condi-
tioned on the extracted features, the attention module computes the self-attention
maps to re-weight the representation into a new feature space. The pose regressor
further maps the new features after the attention operators into the camera pose, i.e.

the 3-dimensional location and 4-dimensional quaternion (orientation).
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3.3.1 Visual Encoder

The visual encoder serves to extract features that are necessary for the pose regression
task, from a single monocular image. Previous works[124, 28] showed successful appli-
cations of the classical convolutional neural network (CNN) architectures in camera
pose estimation, e.g. GoogleNet [254] and ResNet [106]. Among them, the ResNet
based [28] frameworks achieved more stable and precise localization results over other
architectures, due to the fact that the residual networks allow to train deeper layers
of neural networks and reduce the gradient vanishing problems. Therefore, we con-
sidered adopting a residual network with 34 layers (ResNet34) as the foundation for
the visual encoder in the proposed AtLoc model.

Here, the weights of ResNet34 were initialized with the ResNet34 pre-trained with
the image classification on ImageNet dataset [65]. To encourage learning meaningful
features for a pose regression, the base network is further modified by replacing the
final 1000 dimensional fully-connected layer with a C' dimensional fully-connected
layer and removing the Softmax layers used for classification. (' is the dimension
of the output feature. Considering the efficiency and performance of the model, the
dimension is chosen as C' = 2048. Given an image I € RE>W  the features x € RC

can be extracted via the visual encoder foncoder:

X = fencoder(I) (31)

3.3.2 Attention Module

Although the ResNet34 based visual encoder is capable of automatically learning
the necessary features for camera localization, the neural network trained in certain
specific scenes can be overfitted into the featureless appearance or the environmental
dynamics. This will impact the generalization capacity of the model, and degrade
the model performance in testing sets, especially in the outdoor scenarios due to the
moving vehicles or weather change. Unlike the previous trials by introducing the
temporal information [57] or geometric constraints [28], we propose to adapt a self-
attention mechanism into our framework. As shown in Figure 3.2, this self-attention
module is conditioned on the features extracted by the visual encoder, and generates
an attention map to enforce the model to focus on stable and geometry meaningful
features. It is able to self-regulate itself without any hand-engineering geometry
constraints or prior information.

We adopt a non-local style self-attention, which has been applied in video analysis

[290] and image generation [323], in our attention module. This aims to capture the
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long-range dependencies and global correlations of the image features, which will help
generate better attention-guided feature maps from widely separated spatial regions
[290]. The features x € RY extracted by the visual encoder are first used to compute
the dot-product similarity between two embedding spaces 0(x;) and ¢(x;):

S<Xi>xj) = 9<Xi)T¢<Xj)> (3'2)

where embeddings 0(x;) = Wyx; and ¢(x;) = Wyx; linearly transform features at
the position 7 and j into two feature spaces respectively.

The normalization factor C'is defined as the C'(x;) = 3, S(x;, x;) with all feature
position j. Given another linear transformation g(x;) = W x;, the output attention

vector y is calculated via:

Y= gy St %)) (33

where the attention vector y; indicates how the neural model focuses on the features
x; at the position i. Finally, the self-attention output of input features x can be
written as:

y = Softmax(x’ W] W x)W x (3.4)

Furthermore, we add a residual connection back to a linear embedding of the self-
attention vectors:

Att(x) = a(y) + x, (3.5)

where the linear embedding a(y) = W,y outputs a scaled self-attention vector with
learnable weights W,,.

In our proposed model, fully-connected layers are implemented to generate learned
weight matrices Wy, W4, W, and W, in space %, where C'is the number of channels
of the input feature x and n is the downsampling ratio for the attention maps. Based

on extensive experiments, we found that n = 8 performs best across different datasets.

3.3.3 Camera Pose Regression

The pose regressor maps the attention guided features Att(x) to location p € R? and

quaternion q € R?* respectively through Multi-layer Perceptrons (MLPs):

[p,q] = MLPs(Att(x)) (3.6)
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Given training images I and their corresponding pose labels [p, §] represented by the
camera position p € R? and a unit quaternion § € R* for orientation, the parameters

inside the neural networks are optimized via the following loss function [28]:
loss(I) = ||p — pllie™” + B+ |llogq — log @ll1e™” + v (3.7)

where  and ~ are the weights that balance the position loss and rotation loss. logq

is the logarithmic form of a unit quaternion q, which is defined as:

coslu, it V][0
logq=¢ M™ 3.8
4 { 0, otherwise (3:8)

Here, u denotes the real part of a unit quaternion while v is its imaginary part. For
all scenes, both 3 and ~ are simultaneously learned during training with approximate
initial values of By and 7. In camera pose regression tasks, quaternions are widely
used to represent the orientation due their ease of formulation in a continuous and
differentiable way. By normalizing any 4D quaternions to unit length, we can easily
map any rotations in 3D space to valid unit quaternions. But this has one main
issue: quaternions are not unique. In practice, both —q and q can represent the
same rotation because a single rotation can be mapped to two hemispheres. To
ensure that each rotation only has a unique value, all quaternions are restricted to

the same hemisphere in this chapter.

3.3.4 Temporal Constraints

Sharing the same flavor with geometry-aware learning methods [28, 305, 113], we ex-
tend our proposed AtLoc to AtLoc+ by incorporating temporal constraints between
image pairs. Intuitively, temporal constraints can enforce the learning of globally
consistent features because of the local smoothness, avoiding situations where the
per-frame error is larger than the camera motion and thereby improving the overall

localization accuracy. In this chapter, the loss considering temporal constraints is
defined as:
loss(Liptar) = loss(I;) + « Z loss(L,) (3.9)
i#]
where i and j indicate the index of images. I,; = (p; —P;,d; —q;) represents the
relative pose between images I, and I,. o denotes the weight coefficient between the

loss of the absolute pose from a single image and the relative pose from image pairs.
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3.3.5 Implementation Details

We implement our approaches with PyTorch, using the ADAM solver [129] and an
initial learning rate of 5 x 107°. The network is trained on a NVIDIA Titan X GPU
with the following hyperparameters: mini-batch size of 64, dropout rate probability
of 0.5 and weight initializations of Sy = 0.0 and vy = —3.0. When introducing
temporal constraints, we sample consecutive triplets every 10 frames with ag = 1.0
and initialize weight coefficient ay = 1.0.

To train the proposed network consistently on different datasets, we resize the
images such that the shorter side is of length 256 pixels. The input images are then
normalized to have pixel intensities within the range -1 to 1. The ResNet34 [106]
component in our network is initialized by using a pre-trained model on the ImageNet
dataset while the remaining components follow random initialization. 256 x 256 pixels
images are cropped for our network during both the training and testing phase with
random and central cropping strategies respectively.

For the training on Oxford RobotCar dataset, random ColorlJitter is additionally
applied when performing data augmentation, with values of 0.7 for brightness, con-
trast and saturation setting and 0.5 for hue. We note that this augmentation step is
essential to improve the generalization ability of the model over various weather and

time-of-day conditions.

3.4 Experiments

3.4.1 Datasets and Baselines

7Scenes Dataset [241] is a dataset consisting of RGB-D images from seven differ-
ent indoor scenes captured by a handheld Kinect RGB-D camera. The corresponding
ground truth camera poses were calculated using KinectFusion. All images were cap-
tured in a small-scale indoor office environment at the resolution of 640 x 480 pixels.
Each scene contains two to seven sequences in a single room for training/testing,
with 500 or 1000 images for each sequence. As a popular dataset for visual relocal-
ization, the sequences contained in this dataset were recorded under various camera
motion statuses and different conditions, e.g. motion blur, perceptual aliasing and

texture-less features in the room.

Oxford RobotCar Dataset [174] was recorded by an autonomous Nissan LEAF

car in Oxford, UK over several periods of a year. This dataset exhibits substantial
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Sequence ‘ Time Tag Mode

- 2014-06-26-08-53-56 overcast Training
- 2014-06-26-09-24-58 overcast Training
LOOP1 | 2014-06-23-15-41-25 sunny  Testing
LOOP2 | 2014-06-23-15-36-04  sunny  Testing
- 2014-11-28-12-07-13 overcast Training

- 2014-12-02-15-30-08 overcast Training
FULL1 2014-12-09-13-21-02 overcast  Testing
FULL2 2014-12-12-10-45-15 overcast  Testing

Table 3.1: Training and testing Sequences of Oxford RobotCar. LOOP is a relatively
shorter subset (1120 m in total length) and FULL covers a length of 9562 m.

observations in the presence of various weather conditions, such as sunny and snowy
days, as well as different lighting conditions, e.g., dim and glare roadworks. Moreover,
we also found many dynamic or affordable objects in the scenes (e.g., parked /moving
vehicles, cyclists and pedestrians), making this dataset particularly challenging for
vision-based relocalization tasks. For a fair comparison, we follow the same evaluation
strategy of MapNet [28, 305] and use two subsets of this dataset in our experiments,
labeled as LOOP and FULL (length-based) respectively. More details about these
two sequences can be found in Table 3.1 In terms of implementation, we take the
images recorded by the center camera at a resolution of 1280 x 960 as the input to
our network. The corresponding ground truth poses are labeled by the interpolations

of INS measurements.

Baselines To validate the performance of our proposed network, we compare the
results of several competing approaches. For experiments on 7Scenes, we choose the
following mainstream single-image-based methods: PoseNet [126], Bayesian PoseNet
[123], PoseNet Spatial-LSTM [280], Hourglass[180] and PoseNet17 [124]. Moreover,
we also report the results of temporal approaches, VidLoc[57] and MapNet, for com-
parison. For the outdoor Oxford RobotCar dataset, Stereo VO [174] and PoseNet+
(aka. ResNet34+log q) [28] are selected as our baselines. It is worth mentioning that
PostNet+ is the best variant of PoseNet [126] on the RobotCar dataset [28]. Lastly,
we also report the performance of MapNet[28], the state-of-art method on this dataset
using a sequence of images for relocalization. Note that as sequence based methods
can exploit temporal constraints, they generally perform better than single-image
based approaches. We nevertheless still compare with MapNet in evaluation to ex-

amine how accurate our single-image based AtLoc is.

39



PoseNet Bayesian PoseNet Hourglass PoseNet17 AtLoc
Scene PoseNet Spatial LSTM (Ours)
Chess 0.32m, 6.60° 0.37m, 7.24°  0.24m, 5.77° 0.15m, 6.17° 0.13m, 4.48° 0.10m, 4.07°
Fire 0.47m, 14.0° 0.43m, 13.7° 0.34m, 11.9° 0.27m, 10.8° 0.27m, 11.3° 0.25m, 11.4°
Heads 0.30m, 12.2° 0.31m, 12.0° 0.21m, 13.7° 0.19m, 11.6° 0.17m, 13.0° 0.16m, 11.8°
Office 0.48m, 7.24° 0.48m, 8.04°  0.30m, 8.08° 0.21m, 8.48° 0.19m, 5.55° 0.17m, 5.34°
Pumpkin | 0.49m, 8.12° 0.61m, 7.08° 0.33m, 7.00° 0.25m, 7.01° 0.26m, 4.75° 0.21m, 4.37°
Kitchen | 0.58m, 8.34° 0.58m, 7.54° 0.37m, 8.83° 0.27m, 10.2° 0.23m, 5.35° 0.23m, 5.42°
Stairs 0.48m, 13.1° 0.48m, 13.1°  0.40m, 13.7°  0.29m, 12.5° 0.35m, 12.4° 0.26m, 10.5°
Average | 0.45m, 9.94° 0.47m, 9.81° 0.31m, 9.85° 0.23m, 9.53° 0.23m, 8.12° 0.20m, 7.56°

Table 3.2: Camera localization results on 7Scenes (without temporal constraints). For
each scene, we compute the median errors in both position and rotation of various

single-image based baselines and our proposed method.

VidLoc MapNet AtLoc+
Scene (Ours)
Chess 0.18m, NA 0.08m, 3.25° 0.10m, 3.18°
Fire 0.26m, NA 0.27m, 11.7° 0.26m, 10.8°
Heads 0.14m, NA 0.18m, 13.3° 0.14m, 11.4°
Office 0.26m, NA 0.17m, 5.15° 0.17m, 5.16°
Pumpkin | 0.36m, NA  0.22m, 4.02° 0.20m, 3.94°
Kitchen | 0.31m, NA 0.23m, 4.93° 0.16m, 4.90°
Stairs 0.26m, NA  0.30m, 12.1° 0.29m, 10.2°
Average | 0.25m, NA 0.21m, 7.77°  0.19m, 7.08°

Table 3.3: Camera localization results on 7Scenes (with temporal constraints). For
each scene, we compare the median errors in both position and rotation of VidLoc,
MapNet and our approach.

3.4.2 Experiments on 7Scenes

7Scenes Dataset [241] contains 7 static indoor scenes with a large number of im-
ages captured in an office building. We take all 7 indoor scenes for comprehensive
performance evaluation.
Quantitative Results Table 3.2 and Table 3.3 summarize the performance of all
methods. Clearly, we can see that our method outperforms other single-image-based
methods, with a 13% improvement in position accuracy and a 7% improvement in
rotation over the best single-image based baseline. In particular, AtLoc achieves the
best performance gain in large texture-less (such as whiteboard) and highly texture-
repetitive (such as stairs) scenarios. AtLoc reduces the position error from 0.35 m to
0.26 m and the rotation error from 12.4° to 10.5° in the scene of Stairs, which is a

significant improvement over prior arts.

40



PoseNet AtLoc (Ours)

Figure 3.3: Response maps of two scenes selected from Chess. Each scene contains
the response maps generated by PoseNet (left) and AtLoc (right) using attention.

In other regular scenes, AtLoc still reaches a comparable accuracy against base-
lines. By using only a single image, AtLoc achieves a superior accuracy compared with
MapNet, despite the use of image sequences and handcrafted geometric constraints
in the MapNet design. Last but not least, after incorporating temporal constraints,
AtLoc+ further narrows the median position and rotation errors to 0.19 m and 7.08°

respectively, outperforming MapNet by a large margin.

Qualitative Results To deeply understand the reasons behind these improve-
ments, we visualize the attention maps of some scenes from 7Scenes. As shown in
Figure 3.3, by using attention, AtLoc focuses more on geometrically meaningful areas
(e.g. key points and lines) rather than feature-less regions and shows better consis-
tency over time. In contrast, the response maps of PoseNet are relatively scattered
and tend to focus on random regions in the view. A video that compares the response
map between PoseNet and AtLoc can be found at https://youtu.be/_x0bJ1xwt94.
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Sequence PoseNet+ AtLoc (Ours) MapNet AtLoc+ (Ours)

- Mean Median Mean Median Mean Median Mean Median
LOOP1 25.29m, 17.45° 6.88m, 2.06° | 8.61m, 4.58° 5.68m, 2.23° | 8.76m, 3.46° 5.79m, 1.54° | 7.82m, 3.62° 4.34m, 1.92°
LOOP2 28.81m, 19.62° 5.80m, 2.05° | 8.86m, 4.67° 5.05m, 2.01° | 9.84m, 3.96° 4.91m, 1.67° | 7.24m, 3.60° 3.78m, 2.04°
FULL1 125.6m, 27.10° 107.6m, 22.5° | 29.6m, 12.4° 11.1m, 5.28° | 41.4m, 12.5° 17.94m, 6.68° | 21.0m, 6.15° 6.40m, 1.50°
FULL2 131.1m, 26.05° 101.8m, 20.1° | 48.2m, 11.1° 12.2m, 4.63° | 59.3m, 14.8° 20.04m, 6.39° | 42.6m, 9.95° 7.00m, 1.48°
Average | 77.70m, 22.56° 55.52m, 11.7° | 23.8m, 8.19° 8.54m, 3.54° | 29.8m, 8.68° 12.17m, 4.07° | 19.7m, 5.83° 5.38m, 1.74°

Table 3.4: Camera localization results on the LOOP and FULL of the Oxford Robot-
Car. For each sequence, we calculate the median and mean errors of position and
rotation of PoseNet+, MapNet and our approaches. PoseNet and AtLoc leverage a
single image while MapNet and AtLoc+ utilize sequential ones.

3.4.3 Localization Results on Oxford RobotCar

We next evaluate our approach on the Oxford RobotCar dataset. Due to the sub-
stantial dynamics over the long collection period, this dataset is very challenging and

demands high robustness and adaptability of a relocalization model.

Quantitative Results Table 3.4 shows the comparison of our methods against
PoseNet+ and MapNet. Compared with PoseNet+, AtLoc presents significant im-
provements on both LOOP trajectories and FULL trajectories. The mean position
accuracy is improved from 25.29 m to 8.61 m on LOOP1, and 28.81 m to 8.86 m on
LOOP2. The largest performance gains are observed on FULL1 and FULL2, where
our approach outperforms PoseNet+ by 76.5% and 63.3%.

When compared against the sequence-based MapNet, our AtLoc has obvious ac-
curacy gain on all cases. Even for the unfavorable routes (FULL1 and FULL2), AtLoc
still provides 28.5% and 30.3% improvements over MapNet. Furthermore, AtLoc+
significantly improves the position accuracy to 19.7 m and the rotation accuracy to

5.83° after introducing temporal constraints.

Qualitative Results We now investigate why AtLoc significantly outperforms
baselines on the Oxford RobotCar dataset. In Figure 3.4, we plot the predictions
of LOOP1 (top), LOOP2 (middle) and FULL1 (bottom) by Stereo VO, PoseNet+,
MapNet, AtLoc and AtLoc+. Stereo VO is the official baseline from Oxford Robot-
Car. Although Stereo VO has very smooth predicted trajectories, it suffers from
significant drifts as route length increases. Due to strong local similarity, there are
many errors predicted by PoseNet+. These errors, however, are significantly reduced
by AtLoc and AtLoc+.

By looking into the response maps (Figure 3.5), we found PoseNet+ heavily relies

on texture-less regions, such as local road surface (top), dynamic cars (middle) and
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Stereo VO PoseNet+ MapNet AtLoc (Ours) AtLoct (Ours)
Single Sequential

Figure 3.4: Trajectories on LOOP1 (top), LOOP2 (middle) and FULL1 (bottom) of
Oxford RobotCar. The ground truth trajectories are shown in black lines while the
red lines are the predictions. The star in the trajectory represents the starting point.

affordance objects such as bicycles (bottom). These regions are either too similar in
appearance or unreliable due to changes over time, making pose estimation difficult.
By contrast, our attention-guided AtLoc is able to automatically focus on unique,
static and stable areas/objects, including vanishing lines and points (top), buildings
(middle and bottom). These areas are tightly related to the latent geometric features
of an environment, enabling robust pose estimation in the wild.

To further understand the efficacy of the attention mechanism, we depict the
feature distances for a sequence of images. Specifically, we select a starting frame in
the trajectory and then calculate feature distances (Ly) of subsequent frames to the
starting frame. Features are extracted by PoseNet+ and AtLoc respectively, with
the intention to understand to what extent the attention mechanism can help extract
robust features. For experiments, we plot the distance profile under two cases: (i)
dynamic vehicles and (ii) changing illumination. As we can see in Fig.3.6 (left), when
the camera is static (i.e., the data-collection car is not moving), PoseNet+ is sensitive
to dynamic objects entering the scene, resulting in a large variation of distances. In
contrast, thanks to the adopted attention mechanism, AtLoc is robust to these moving
vehicles and provides more stable features overall. Distance spikes are only observed
when a large truck enters/leaves the scene, in which a substantial portion of the view

is blocked /revealed to the camera. On the right side of Fig.3.6, the extracted features
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PoseNet+ AtLoc (Ours)

Figure 3.5: Response maps of two scenes selected from Oxford RobotCar generated
from models without attention (left: PoseNet+) and with attention (right: AtLoc).
Note how AtLoc learns to ignore visually uninformative features e.g. the road in
the top figure and instead focus on more distinctive objects e.g. the skyline in the
distance. AtLoc also learns to reject affordable objects e.g. the bicycles in the bottom
figure, yielding more robust global localization.

of PoseNet+ suffer from illumination changes and give abrupt shifts under different
levels of glare. The features extracted by AtLoc, however, consistently change as the

camera moves forward, agnostic to various lighting conditions.

3.4.4 Ablation Study and Efficiency Evaluation

We conduct an ablation study on the introduced attention module above 7Scenes and
Oxford RobotCar datasets. In Table 3.5 , AtLoc is compared with a basic version
without the attention module, the LSTM version by replacing the attention module
with the LSTM module, and a sequence enhanced version with temporal constraints.
The rest modules are kept the same for a fair comparison. The comparison of AtLoc
(Basic) and AtLoc indicates that the model performance clearly increases on both
datasets by adopting the self-attention into the pose regression model: it shows a

9% improvement in location accuracy and 6% in rotation accuracy on the 7Scenes
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Figure 3.6: Feature distance comparisons under different dynamic disturbances. (a)
Dynamic vehicles and (b) Changing illumination. Feature distances of AtLoc rea-
sonably change with the motion status of the camera and are agnostic to various
dynamics, while PoseNet suffers in both experiments.

dataset; AtLoc achieves an average localization accuracy of 23.8 m and an average
rotation accuracy of only 8.19° on the Oxford RobotCar dataset. The LSTM based
AtLoc is only better than Basic AtLoc. With temporal constraints, AtLoc+ yields
the best performance, obtaining a median error of 0.19 m, 7.08° on 7Scenes, and 19.7
m, 5.83° on Oxford RobotCar.

To evaluate the efficiency of our proposed AtLoc, we also compare the average
running time of three models - MapNet, PoseLSTM and AtLoc. Among the three
models, MapNet consumes the longest running time of 9.4 ms per frame, as it needs to
process additional data from other sensory inputs and a sequence of images to apply
geometric constraints. Due to the time-consuming recursive operations in LSTMs,
PoseLSTM takes a running time of 9.2 ms per frame, 3.7 ms higher than its corre-

sponding basic model PoseNet.

3.5 Conclusion

Camera localization is a challenging task in computer vision due to scene dynam-
ics and high variability of environment appearance. In this chapter, we present a

novel study of self-attention guided camera localization from a single image. The
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7Scenes

AtLoc

AtLoc

Scene Basic Basic+-LSTM AtLoc AtLoc+

Chess 0.11m, 4.29 0.13m, 4.26  0.10m, 4.07 0.10m, 3.18
Fire 0.29m, 12.1 0.27m, 11.7  0.25m, 11.4 0.26m, 10.8
Heads 0.19m, 12.2 0.16m, 12.3  0.16m, 11.8 0.14m, 11.4
Office 0.19m, 6.35 0.20m, 5.74  0.17m, 5.34 0.17m, 5.16
Pumpkin | 0.22m, 5.05 0.26m, 4.19  0.21m, 4.37 0.20m, 3.94
Kitchen 0.25m,5.27 0.19m, 4.63  0.23m, 5.42 0.16m, 4.90
Stairs 0.30m, 11.3 0.29m, 12.1  0.26m, 10.5 0.29m, 10.2
Average 0.22m, 8.07 0.21m, 7.83  0.20m, 7.56 0.19m, 7.08

RobotCar

LOOP1 | 25.29m, 17.45 29.71m, 15.72 8.61m, 4.58 7.82m, 3.62
LOOP2 | 28.81m, 19.62 32.79m, 17.76 &8.86m, 4.67 7.24m, 3.60
FULL1 125.6m, 27.10 48.29m, 17.18 29.6m, 12.4 21.0m, 6.15
FULL2 131.1m, 26.05 67.62m, 11.40 48.2m, 11.1 42.6m, 9.95
Average | 77.70m, 22.56 44.60m, 15.52 23.8m, 8.19 19.7m, 5.83

Table 3.5: Ablation study of AtLoc on 7Scenes and Oxford RobotCar. AtLoc (Basic)

denotes the model without using attention.

introduced self-attention can encourage the framework to learn geometrically robust
features, mitigating the impacts of dynamic objects and changing illumination. We
demonstrate state-of-the-art results, even surpassing sequence based techniques in

challenging scenarios. Further work includes refining the attention module and de-

termining whether it can improve multi-frame camera pose regression.
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Chapter 4

Learning Unified Representations
for Pixel and Point Matching

4.1 Introduction

Establishing accurate pixel- and point- level matches across images and point clouds,
respectively, is a fundamental computer vision task that is crucial for a multitude
of applications, such as Simultaneous Localization and Mapping [186], Structure-
from-Motion [235], object pose estimation [193], 3D reconstruction [108], and visual
localization [230].

A typical pipeline of most methods is to first recover the 3D structure given an
image sequence [104, 225, and subsequently perform matching between pixels and
points based on 2D to 3D reprojected features. Such features will be homogeneous
as points in the reconstructed 3D model inherit the descriptors from corresponding
pixels of the image sequence. However, this two-step procedure requires accurate 3D
reconstruction, which is not always feasible, e.g., under challenging illumination or
large viewpoint changes. More critically, this approach treats RGB images as first-
class citizens and discounts the equivalence of sensors capable of directly capturing 3D
structure, e.g., LIDAR, imaging RADAR and depth cameras. These factors motivate
us to consider a unified representation for pixel and point matching, where an open
question can be posed: how to directly establish correspondences between pixels in 2D
images and points in 3D point clouds, and vice-versa? This is inherently challenging
as 2D images capture scene appearance, whereas 3D point clouds encode structure.

To this end, we formulate a new task of direct 2D pixel and 3D point matching (cf.
Fig. 4.1) without any auxiliary steps (e.g., reconstruction). This task is undoubtedly
challenging for existing conventional and learning-based approaches, which fail to

bridge the gap between 2D and 3D representations as separately extracted 2D and
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Figure 4.1: Examples of 2D-3D matches obtained by our P2-Net. The proposed
method can directly establish correspondences across images and point clouds by the
jointly learned feature description and detection.

3D local features are distinct and do not share a common embedding. Some recent
works [82, 212] attempt to associate descriptors from different domains by mapping
2D and 3D inputs onto a shared latent space. However, they construct patch-wise
descriptors, leading to coarse-grained matching results only.

Even if fine-grained and accurate descriptors can be successfully obtained, direct
pixel and point correspondences are still very difficult to establish. First, 2D and
3D keypoints are extracted based on distinct strategies - what leads to a good match
in 2D (e.g., flats, visually distinct area such as a poster), does not necessarily cor-
respond to what makes a strong match in 3D (e.g., a poorly illuminated corner of
the room). Additionally, because of the sparsity of point clouds, the local feature for
a point can be mapped to (or from) many pixel features taken from pixels that are
spatially close to the point, increasing the matching ambiguity. Second, due to the
large discrepancy between 2D and 3D data properties and the inflexibility in their
optimization procedures, existing descriptor loss formulations [72, 171, 9] for either
2D or 3D local feature description do not guarantee convergence in this new context.
Moreover, their detector designs only focus on penalizing the confounding descriptors

from a safe region, resulting in suboptimal matching results in practice.
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To tackle all these challenges, we propose a dual fully-convolutional framework,
named Pixel and Point Network (P2-Net), which is able to simultaneously achieve
feature description and detection between 2D and 3D views. Furthermore, an ultra-
wide reception mechanism is equipped when extracting descriptors to tackle the
intrinsic information variations between pixel and point local regions. To optimize
the network, we then design P2-Loss, consisting of two components: 1) a circle-
guided descriptor loss in combination with a full sampling strategy, allowing to
robustly learn distinctive descriptors by optimizing positive and negative matches in
a self-paced manner; 2) a batch-hard detector loss, which additionally seeks for
the repeatability of detections by encouraging the difference between the positive and

globally hardest negative matches. Overall, our contributions are as follows:

1. We propose a joint learning framework with an ultra-wide reception mechanism
for simultaneous 2D and 3D local features description and detection to achieve

direct pixel and point matching.

2. We design a novel loss, composed of a circle-guided descriptor loss and a batch-
hard detector loss, to robustly learn distinctive descriptors whilst explicitly

guiding accurate detections for both pixels and points.

3. We conduct extensive experiments and ablation studies, demonstrating the
practicability of the proposed framework and the generalization ability of the

new loss, and providing the intuition behind our choices.

To the best of our knowledge, this is the first joint learning framework to handle 2D

and 3D local features description and detection for direct pixel and point matching.

4.2 Related Work

2D Local Features Description and Detection Previous learning-based meth-
ods in the 2D domain simply replaced the descriptor [269, 270, 167, 73, 209] or
detector [234, 325, 13] with a learnable alternative. Recently, approaches to joint de-
scription and detection of 2D local features have attracted increased attention. LIFT
[315] is the first, fully learning-based architecture to achieve this by rebuilding the
main processing steps of SIFT with neural networks. Inspired by LIFT, SuperPoint
[66] additionally tackles keypoint detection as a supervised task with labeled syn-
thetic data before description, followed by being extended to an unsupervised version
[56]. Differently, DELF [199] and LF-Net [201] exploit an attention mechanism and
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an asymmetric gradient back-propagation scheme, respectively, to enable unsuper-
vised learning. Unlike previous research that separately learns the descriptor and
detector, D2-Net [72] designs a joint optimization framework based on non-maximal-
suppression. To further encourage keypoints to be reliable and repeatable, R2D2 [219]
proposes a listwise ranking loss based on differentiable average precision. Meanwhile,

deformable convolutions are introduced in ASLFeat [171] for the same purpose.

3D Local Features Description and Detection Most prior work in the 3D
domain has focused on the learning of descriptors. Instead of directly processing
3D data, early attempts [248, 332| instead extract a representation from multi-view
images for 3D keypoint description. In contrast, 3DMatch [321] and PerfectMatch
[94] construct descriptors by converting 3D patches into a voxel grid of truncated
distance function values and smoothed density value representations, respectively.
Ppf-Net and its extension [63, 64] directly operate on unordered point sets to describe
3D keypoints. However, such methods require point cloud patches as input, resulting
in an efficiency problem. This constraint severely limits its practicability, especially
when fine-grained applications are needed. Besides these, dense feature description
with a fully convolutional setting is proposed in FCGF [54]. For the detector learning,
USIP [144] utilizes a probabilistic chamfer loss to detect and localize keypoints in an
unsupervised manner. Motivated by this, 3DFeat-Net [313] is the first attempt for 3D
keypoints joint description and detection on point patches, which is then improved

by D3Feat [9] to process full-frame point sets.

2D-3D Local Features Description Unlike the well-researched area of learning
descriptors in either a single 2D or 3D domain, little attention has been paid to the
learning of 2D-3D feature description. A 2D-3D descriptor is generated for object-
level retrieval tasks by directly binding the hand-crafted 3D descriptor to a learned
image descriptor [152]. Similarly, 3DTNet [300] learns distinctive 3D descriptors for
3D patches with auxiliary 2D features extracted from 2D patches. Recently, both
2D3DMatch-Net [82] and LCD [212] propose to learn descriptors that allow direct
matching across 2D and 3D local patches for retrieval problems. However, all these
methods are patch-based, which are not applicable in real usages requiring high-

resolution outputs.
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4.3 Pixel and Point Matching

In this section, we firstly introduce the architecture of the proposed P2-Net in detail,
including joint feature description and keypoint detection. Next, we present our de-
signed P2-Loss, composed of a circle-guided descriptor loss and a batch-hard detector

loss. Finally, implementation details for both training and testing are provided.

4.3.1 P2-Net Architecture

Feature Description. The first step of our method is to obtain a 3D feature map
FI € REXWXC from image I and a 2D feature map F¥ € R?*Y from point cloud P,
where H xW is the spatial resolution of the image, Z is the number of points and C'
is the dimension of the descriptors. Thus, the descriptor d associated with the pixel

X and point Y can be denoted as dy and dy, respectively,

dxy = FL, dy = FF d e RY . (4.1)

After being L2-normalized to unit length, these descriptors can be readily com-
pared between images and point clouds to establish correspondences using the cosine
similarity as a metric. During training, the descriptors will be optimized so that a
pixel and point pair in the scene produces similar descriptors, even when the image
or point cloud contains strong changes or noise. For clarity, we still use d to represent
its normalized form in the following text.

As shown in Fig. 4.2.A, two fully convolutional networks are employed to sepa-
rately perform feature description on images and point clouds. However, properly
associating pixels with points through descriptors is non-trivial due to the intrinsic
variation of information between 2D and 3D local regions (Fig. 4.3.A). Specifically,
the local information extracted for a point is typically more than that for a pixel
because of the sparsity of point clouds. To address the issue of association on asym-
metrical embeddings and better capture the local geometry information, we design
the 2D extractor based on an ultra-wide reception mechanism, shown in Fig. 4.3.B.
For computational efficiency, such a mechanism is achieved through nine 3 x 3 con-
volutional layers with progressively doubling dilation values, from 1 to 16. Finally, a
HxW x128 feature map is generated and then its corresponding H xW x 1 detection
map can be computed. In a similar vein, we modify KPConv [264] to output a 128D

descriptor and a score for each point in the input point cloud.
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Figure 4.2: An overview of the proposed P2-Net framework. Our architecture is
a two-branch fully convolutional network for the simultaneous 2D and 3D feature
description (A) and keypoint detection (B). Such a network is jointly optimized with
a descriptor loss L4 enforcing the similarity of corresponding representations as
well as a detector loss L4, encouraging higher detection scores for discriminative
correspondences.

Keypoint Detection. As illustrated in Fig. 3.2.B, we determine keypoints by per-
forming a peakiness-softened non-local-maximum suppression [171] across the spatial
and channel dimensions of a feature map. Given a feature map F € RT*Y  where
T=H xW for images and T=Z7 for point clouds.

The requirement for a pixel or point p; to be detected by a non-local-maximum

suppression is

pr is a detection <= [} is a local max in F

4.2
with ¢ = arg max FF (4.2)

in which Fy represents the feature response at the position ¢ and channel c¢. R,
denotes the neighborhood of p;.
During training, the above procedure is softened to be trainable and density-

invariant using peakiness [219]:

Cc C 1 C
af = softplus(Fy — = Z V),

| Pt ‘ Pyt ERPt

c c 1 k
B = softplus(Fy — c zk:Ft )

(4.3)
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Figure 4.3: To mitigate the intrinsic information variation (A) between 2D and 3D
local regions, an ultra-wide reception mechanism (B) with progressively doubling
dilation values, up to 16, is applied in the 2D branch of feature description.

where o and (8 are the spatial-wise and channel-wise detection scores, respectively.

The final keypoint detection score of p, that takes both criteria into account is:

£, = max (afF;) (1.4)

During testing, pixels or points with top scores will be selected as keypoints.

4.3.2 P2-Loss Formulation

To make the proposed network describe and detect 2D and 3D keypoints in a sin-
gle forward pass, we design a novel loss that jointly optimizes the description and

detection objectives for both pixels and points, named P2-Loss:
£P2 - Edesc + /\Edet . (45)

It consists of a circle-guided descriptor loss Lg.s. that expects distinctive descriptors
to avoid incorrect match assignments, a batch-hard detector loss L4 that encourages
keypoints to be repeatable under viewpoint or illumination changes, and a balance

factor \ between them.

Circle-guided Descriptor Loss. To learn distinctive descriptors, various opti-
mization strategies like hard-triplet and hard-contrastive losses [72, 171, 9] have been
widely used in the 2D or 3D domain. However, these formulations only focus on
hard negative matches, and experimentally we found that they did not converge in
our 2D-3D context. Inspired by the Circle Loss [250] using weighting factors and

the circular decision boundary, we design a circle-guided descriptor loss with a
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Figure 4.4: Definitions of pixel-point pairs. In a pair of image I and point cloud
P, XY is a correspondence (pixel X € [ and point Y € P). From the image
perspective, X <«+Y,, demonstrates a negative match where Y,, lies outside R” (the
neighborhood of Y'), denoting a negative point of X. X <Y * represents the hardest
negative match and Y™ is the hardest negative point of X in the whole point cloud
space. The negative and the hardest negative matches in the perspective of a point
cloud are the opposite.

full sampling strategy instead of only considering the hard negative matches, which
allows self-paced optimization and avoids convergence ambiguity.

Given a correspondence X <+Y between image I and point cloud P in Fig. 4.4,
we can define a positive cosine similarity s, for corresponding descriptors dx and dy

as:

sp=dydy =Y dsdy, (4.6)

From the view of image, we fully sample negative pairs X<+Y,, and define a

negative cosine similarity set s! for all negative descriptor pairs dx and dy1.-5 as:
sh={dxdyy, - dxdyy b stV = Ys > R, (4.7)

where Y7 denotes a negative sample of pixel X lying outside R which is the safe
radius of point Y. The circle-guided descriptor loss of the image part is then derived

as:
1 1 7. (1—m—s?) nj (sllj —m)
Edesczmzlog[Hef’ DY e | (4.8)
? J

in which C is the set of correspondences between image I and point cloud P used
for optimization in each step, 17;):( (1+m—s;)) and 1) =( (sffj +m) represent weighting

. J
factors with a scale factor ¢ that expect s,>1-m and sk <mina self-paced manner.

With that said, the margin m controls the radius of the circular decision boundary
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J .
at (sii—0)2+(s;—1)2:2m2. The reverse loss L} . for point cloud P is calculated in
the same way for a total circle-guided descriptor loss Lgese = (ﬁdesc + L’desc) Intu-
itively, this loss seeks to enforce the distinctiveness of descriptors by penalizing any

confounding descriptor that would lead to a wrong match assignment.

Batch-hard Detector Loss. In the case of detection, keypoints should be suffi-
ciently distinctive to be repeatably detected. Achieving this objective, however, faces
two practical challenges: 1) the ultra-wide reception mechanism in feature descrip-
tion may leave spatially close pixels possessing very similar descriptors; 2) the full
sampling strategy in our descriptor loss is only effective to negative matches outside a
safe region. Both of them will reduce the distinctiveness of keypoints and thus cause
erroneous assignments. To this end, we design a batch-hard detector loss with
applying hardest-in-batch strategy [185] on the whole image or point cloud space but
not on a specific area, encouraging optimal distinctiveness and repeatability.

Similar to the hardest negative match X<+Y™* in Fig. 4.4, Y;* is determined by
arg maXyiy, (dy'il dx,) and denotes the hardest negative point of X; in the whole point
cloud space. In extension to X/, we can thus define the hardest negative similarity
pixel X; and point Y;, respectively. With the above definitions, we then formulate
the batch-hard detector loss as:

S+ as max(dx,dyx, dy,dx-). Additionally, {x, and {y; are the soft detection scores at

SX gY i i
q€<

To be specific, such a detector loss seeks for higher detection scores for more discrim-
inative correspondences. Specifically, Lge; expects £x, and &y, to be high if s'.<s
Moreover, the more discriminative correspondences, with a lower value of (st. — s;),

are encouraged to possess higher relative detection scores and vice-versa.

4.3.3 Implementation Details

Network architecture. Our proposed P2-Net for pixel and point matching con-
sists of two fully convolutional networks for 2D and 3D feature extraction. In the
image (2D) feature extraction network, we use nine 3 x 3 dilated convolutions with
stride=1 in order to preserve the input resolution at all stages. The output feature di-
mensions and dilation rates for these layers are (32,32, 64,64, 128,128, 128,128, 128)
and (1,1,2,2,4,4,4,8,16), respectively. In the former 6 layers, we apply LeakyReL.U
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(0.1) after the convolution operation. In the point cloud feature extraction net-
work, we exploit the rigid KP-FCNN [264], which is a fully convolutional network
for segmentation. The output feature dimensions in the encoder part are set to
(64, 128,256,512, 1024, 2048). Skip connections are used between the corresponding
layers of the encoder part and the decoder part. For each layer i, a cell size A, is
set to infer other parameters. Here, we adopt Ag = 0.015m as the initial cell size.
Then, the convolution radius and the average kernel point radius are automatically
set to 2.5A; and 1.54A;. The output features are processed by a Linear Layer to get
the final 128 dimensional descriptors. Besides, we disable batch normalization after
all convolutions and replace ReLU with LeakyReLU (0.1). Other settings are kept

the same as in the original paper [264].

Training. We implement our approach with PyTorch. During the training, we use
a batch size of 1 and all image-point cloud pairs with more than 128 pixel-point
correspondences. For the sake of computational efficiency, |C|=128 correspondences
are randomly sampled from each pair to optimize in each step. We set the balance
factor A=1, the margin m=0.2, scale factor (=10, image neighbor R;=12 pixels, point
cloud neighbor Rp=0.015 m. Finally, we train the network with the ADAM solver
and use an initial learning rate of 10~* with exponential decay.

In particular, our P2-Net is trained with a two-stage training strategy. Specifically,
we enable the detector to be jointly trained with the descriptor from the second epoch
instead of from the beginning. Our implementation is trained on a single NVIDIA
Tesla V100 card, and the training process finishes within 10 epochs. During training,
the learning rate exponentially decays with every epoch, and is thus equal to one-
tenth of the base learning rate at completion. We find that the two-stage training
yields faster convergence. To be specific, one-stage training takes approximately 40
epochs to reach similar results achieved by two-stage training. Although we have
tried different training strategies, e.g., changing the initial learning rate and adopting
different decay rates, none of them have shown faster convergence results than the
two-stage strategy that simply enables later training of the detector. This is because,
for accurate keypoint detection, we provide the finest guidance for the gradient of the
similarity. Such a design requires distinctive descriptors to provide explicit guidance
for detection, which is hard to achieve at the beginning of training. Therefore, to
speed up the training, we only focus on optimizing descriptors for the first epoch and

then jointly train the descriptor and detector.
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Testing. During testing, we exploit the hard selection strategy demonstrated in
Eq. 4.2 rather than soft selection to mask detections that are spatially too close.
Additionally, the SIFT-like edge elimination is applied for image keypoints detection.
For evaluation, we select the top-K keypoints corresponding to the detection scores
calculated in Eq. 4.4.

4.4 Experiments

We first demonstrate the effectiveness of the proposed P2-Net on the direct pixel
and point matching task, and then evaluate it on a downstream task, namely visual
localization. Furthermore, we examine the generalization ability of our designed P2-
Loss in single 2D and 3D domains, by comparing with the state-of-the-art methods
in both image matching and point cloud registration tasks respectively. Finally, we

investigate the effect of the loss selection.

4.4.1 Image and Point Cloud Matching

To achieve fine-grained image and point cloud matching, a dataset of image and point
cloud pairs annotated with pixel and point correspondences is required. To the best of
our knowledge, there is no publicly available dataset with such correspondence labels.
To address this issue, we annotated the 2D-3D correspondence labels on existing 3D
datasets containing RGB-D scans. Specifically, the 2D-3D correspondences of our
dataset are generated on the 7Scenes dataset [91, 241], consisting of seven indoor
scenes with 46 RGB-D sequences recorded under various camera motion status and
different conditions (e.g., motion blur), perceptual aliasing and texture-less features
in the room. These conditions are widely known to be challenging for both image

and point cloud matching.

4.4.1.1 Dataset Preprocessing

Our network requires a dataset of image and point cloud pairs (I, P) labeled with
2D-3D correspondences to train. Based on the 7Scene dataset [91, 241], we firstly
follow previous works [321, 311] to obtain the fused point cloud fragments with 5
consecutive RGB-D frames. Then we apply grid subsampling with a voxel size of
0.015m to control the number of points and ensure the spatial consistency of point
clouds. To label the correspondences for (I, P), we transform pixels to 3D points
by applying its transformation matrix, followed by mutually searching their nearest

neighbors in the corresponding point cloud fragment lying in the camera frustum.

o7



Pixel and point pairs whose Euclidean distances lie within a threshold of Ag = 0.015m
are considered as correspondences. Similar to [72], we use the (I, P) presenting at least
128 correspondences in order to obtain meaningful gradients. Finally, we generate a
total number of 24, 740 image and point cloud pairs for training, and 1,591 pairs for
testing, with varying environmental settings. In addition, each point cloud fragment
is augmented by adding Gaussian noise with a 0.005 standard deviation only during
training. Meanwhile, each input image is standardized to be zero mean and unit norm

for both training and testing.

4.4.1.2 Evaluation on Feature Matching

We adopt the same data splitting strategy for the 7 Scenes dataset as in [91, 241] to
prepare the training and testing set. Specifically, 18 sequences are selected for testing,
which contain partially overlapped image and point cloud pairs, and the ground-truth

transformation matrices.

Evaluation metrics. To comprehensively evaluate the performance of our pro-
posed P2-Net and P2-Loss on fine-grained image and point cloud matching, five met-
rics widely used in previous image or point cloud matching tasks [171, 72, 10, 144, 321,
68, 9] are adopted: 1) Feature Matching Recall, the percentage of image and point
cloud pairs with the inlier ratio above a threshold (7 = 0.5); 2) Inlier Ratio, the
percentage of correct pixel-point matches over all possible matches, where a correct
match is accepted if the distance between the pixel and point pair is below a threshold
(1o = 4.5cm) under its ground truth transformation; 3) Keypoint Repeatability, the
percentage of repeatable keypoints over all detected keypoints, where a keypoint in
the image is considered repeatable if its distance to the nearest keypoint in the point
cloud is less than a threshold (73 = 2cm) under the true transformation; 4) Recall,
the percentage of correct matches over all ground truth matches; 5) Registration Re-
call, the percentage of image and point cloud pairs with the estimated transformation
error smaller than a threshold (RMSE< 5cm).

In particular, these metrics are formulated as:

Feature matching recall measures the percentage of image and point cloud
pairs that can recover the pose with high confidence, reflecting the quality of features

without using a RANSAC pipeline. Mathematically, it can be written as

M)
FMR = Wll Mz_:l 1 (IRM > ﬁ), (4.10)
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where 7y is the inlier ratio threshold of the pair M, which will be counted as one
match if TR, is above 71 > 0.5.

Inlier ratio denotes the ratio of inliers to all matches, which is used to evaluate
the correspondence quality. Given a partially overlapped image and point cloud pair
M(I, P), the correspondence set ), for the pair M is obtained by mutually nearest

neighbor search in feature space,
Qa = {wi € 1,y; € P|Fi(x;) = NN(Fp(y;), Fi(1)),
Fp(y;) = NN(Fr(z:), Fp(P))},

where F; and Fp are two descriptor networks that map the input (i.e. pixels x; or

(4.11)

points y;) to feature descriptors, NN denotes the nearest neighbor search based on
the Euclidean distance. Finally, the inlier ratio of M (IRy;) is defined as,

Ry = QL S 1) — T yll< ™), (4.12)

[l an
in which I' represents the mapping function that converts a pixel to its corresponding
point under the current camera coordinate system. 7T is the ground truth transfor-
mation between the image and point cloud pair M € M. Here, the correspondence
whose spatial distance is less than the inlier distance threshold 75 = 0.045m, can be
seen as an inlier.
Keypoint repeatability refers to the percentage of repeatable keypoints over

all detected keypoints. For a pair M, the pixel and point pairs set ®,; is:
Oy ={wi € I,y; € Ply; = NN(I'(z), P)}, (4.13)

then the keypoint repeatability of M (K Ry;) is defined as,

KRu =z S 1(I0() T yl1< m). (414)

[®arl At
This means that a keypoint in the image is considered repeatable if its spatial distance
to the nearest keypoint in the point cloud is less than a threshold 73 = 0.02m.
Registration recall represents how many overlapped image and point cloud pairs
a matching algorithm can correctly recover, indicating the quality of features within
a reconstruction system. Specifically, the registration recall (Reg) uses the following
error metric between estimated pairs M, and the corresponding pose T estimated by

PnP+RANSAC to define a true positive:
Reg =

Wl\ Z ﬂ(d ‘Ql}‘\/[‘ Z [T (s) — T_ly*HQ < T4>, (4.15)

M=1 (2 y")E%,
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where 7}, is a set of corresponding ground truth pairs (z*,y*) in M:
Qy ={z" €I,y € P}, (4.16)

and 74 is set to 0.05m.
Recall denotes the ratio of correct matches over all ground truth matches. Math-

ematically, it is expressed as:

1

Ry = Y LIT() = T yll< 72), (4.17)

*
| Ml (1,5)€QMm

in which R); represents the Recall for the pair M.

Comparisons on descriptors and networks. To study the effects of descriptors,
we report the results of 1) traditional SIFT and SIFT3D descriptors; 2) P2-Net
trained with the D2-Net loss (P2[D2_Triplet]) [72] and 3) P2-Net trained with the
D3Feat loss (P2[D3_Contrastive|) [9]. Besides, to demonstrate the superiority of the
2D branch in P2-Net, we replace it with 4) the R2D2 network (P2[R2D2]) [219]
and 5) the ASL network (P2[ASL]) [171]. Other training or testing settings are the
same as the proposed architecture trained with our proposed loss (P2[Full]) for a fair
comparison. Among them, both P2[R2D2] and P2[Full] adopt L2-Net-style [269] 2D
feature extractors but the latter is improved by our ultra-wide reception mechanism.

As shown in Tab. 4.1, traditional descriptors fail to be matched, as hand-designed
2D and 3D descriptors are heterogeneous. Both P2[D2_Triplet] and P2[D3_Contrastive]
are not able to guarantee convergence on the pixel-point matching task. However,
when adopting our loss, P2[R2D2] and P2[ASL] models not only converge but also
present promising performance in most scenes, except the challenging Stairs scene,
due to the intrinsic feature extractor limitation of R2D2 and ASL. Moreover, the
comparison between P2[R2D2] and P2[Full] also demonstrates the effectiveness of the
ultra-wide reception mechanism. Overall, our P2[Full] performs consistently better
regarding all evaluation metrics, outperforming all competitive methods by a large

margin on all scenes.

Comparisons on detectors. In order to demonstrate the importance of jointly
learning the detector and descriptor, we report the results of P2-Net trained with our
circle-guided descriptor loss and :1) without a detector but with randomly sampled
keypoints during inference (P2[w/o Det]); 2) without a detector but with conven-
tional SIFT and SIFT3D keypoints (P2[Mixed]); 3) with the original D2-Net detector
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# Scenes Chess Fire Heads Office Pumpkin Kitchen Stairs
Feature Matching Recall

SIFT + SIFT3D Not Match

P2[D2_Triplet] Not Converge

P2[D3_Contrastive] Not Converge

P2[R2D2] 95.1 97.3 100 89.4 91.1 88.7 16.2
P2[ASL) 95.3 96.0 100 34.3 41.6 47.5 11.9
P2[w /o Det] 93.0 97.0 99.1 73.8 61.5 43.8 15.0
P2[Mixed| 92.5 96.0 99.7 74.6 52.2 69.0 15.8
P2[D2_ Det) 100 99.7 100 93.6 98.4 94.0 74.3
P2[D3_Det) 99.0 99.7 100 83.8 68.0 78.4 17.8
P2[Rand] 100 99.6 99.8 90.8 83.2 82.5 14.3
P2[Full] 100 100 100 97.3 98.5 96.3 88.8

Registration Recall
P2[R2D2] 81.0 78.5 73.1 79.7 75.6 77.1 60.8
P2[ASL) 70.5 66.0 63.4 52.9 41.6 48.0 38.2
P2[w /o Det] 68.0 64.5 53.8 59.6 48.4 56.1 42.3
P2[Mixed| 725  66.5 209 59.1 53.2 63.5 25.6
P2[D2 Det) 86.0 755  74.2 70.8 80.0 74.3 78.3
P2[D3_Det) 80.5 70.0 81.7 76.3 65.5 70.6 70.9
P2[Rand] 86.5 81.5  82.6 78.9 75.5 7.2 74.3
P2[Full] 87.0 824 84.5 83.4 88.7 82.7 82.6
Keypoint Repeatability
P2[R2D2] 36.6 40.3 45.2 33.4 30.3 32.1 33.1
P2[ASL) 18.7 19.2 33.8 13.8 12.9 15.5 11.9
P2[w/o Det] 174 178 370 182 16.0 15.7 17.7
P2[Mixed] 23.3 26.6 26.0 30.0 29.9 31.3 24.7
P2[D2 Det) 41.7 39.8 40.6 34.8 32.7 31.6 34.9
P2[D3_Det) 24.9 21.8 38.1 24.5 19.6 23.8 21.8
P2[Rand] 361  37.0 461 335 30.4 32.2 36.1
P2[Full] 50.4 47.1 50.2 38.0 45.2 38.3 48.1
Recall
P2[R2D2] 28.5 26.7 24.7 25.0 24.6 26.4 16.0
P2[ASL) 28.8 26.3 16.5 21.7 21.4 23.8 13.8
P2[w /o Det] 29.1 26.9 23.1 25.3 22.0 23.8 14.4
P2[Mixed] 30.1 26.2 25.2 24.5 24.1 26.9 15.1
P2[D2_Det) 30.3 28.9 26.1 27.0 29.6 28.7 17.7
P2[D3_ Det) 31.8 31.1 26.4 26.6 25.6 27.5 17.1
P2[Rand] 314 308  25.7 29.5 28.0 30.6 17.6
P2[Full] 32.7 33.7 26.6 30.6 29.6 32.3 20.1
Inlier Ratio

P2[R2D2] 65.5 66.5  69.8 54.0 54.5 55.3 38.5
P2[ASL) 55.9 60.8 64.9 44.7 45.7 47.6 34.2
P2[w/o Det] 52.7 56.3 71.0 46.1 47.3 49.9 36.2
P2[Mixed] 51.5 55.2 67.4 52.1 50.1 56.7 35.1
P2[D2_ Det) 68.2 72.2 74.9 58.0 61.4 59.3 429
P2[D3_ Det) 61.1 646 754 51.3 47.6 51.8 37.9
P2[Rand] 58.5 61.4 76.2 53.2 50.0 53.4 40.4
P2[Full] 73.9 76.0 774 60.3 60.8 65.2 45.2

Table 4.1: Comparisons on the 7Scenes dataset [91, 241]. Evaluation metrics are
reported within given thresholds.
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Figure 4.5: Matching performance in relation to the variation of keypoint number
(left) and threshold (right).

(P2[D2 Det]) [72]; 4) with the D3Feat detector (P2[D3_Det]) [9]; 5) with our batch-
hard detector loss but using randomly sampled keypoints for testing (P2[Rand]) to
indicate the superiority of our proposed detector.

As can be seen from Tab. 4.1, when a detector is not jointly trained with the
entire model, P2[w/o Det] shows the worst performance on all evaluation metrics
and scenes. Such indicators are slightly improved by P2[Mixed| after introducing
traditional detectors. Nevertheless, when the proposed detector is used, P2[Rand]
achieves better results than P2[Mixed]|. These results conclusively indicate that the
joint learning with a detector is also advantageous to strengthening the descriptor
learning itself. Similar improvements can also be observed in both P2[D2 Det] and
P2[D3_Det]. Clearly, our P2[Full] is able to maintain a competitive matching quality
in terms of all evaluation metrics, if our loss is fully enabled. It is worth mentioning
that, particularly in the scene of Stairs, P2[Full] is the only method that achieves
outstanding matching performance on all metrics. In contrast, most of the other
competing methods fail due to the highly repetitive texture in this challenging sce-
nario. It indicates that the keypoints are robustly detected and matched even under

challenging conditions, which is a desired property for reliable keypoints to possess.

Comparisons on keypoint number and thresholds. To better demonstrate
the performance of the joint learning under different settings, we further report the
results in the cases when increasing the sampled point number from 500 to 5000 and

varying the thresholds from lem to 9cm. As shown in Fig. 4.5, with the increasing
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number of keypoints, all evaluation metrics, except Recall, grew accordingly. This
is because, when more keypoints are selected, the ambiguity among them will also
increase, which makes it harder to obtain correct matches. Such results also indicate
that the detected keypoints are properly ranked, and the top points receive a higher
probability of being matched. This is a desirable property that a reliable keypoint
is expected to acquire. Similarly, if a loose threshold is set, only Registration Recall
maintains the same level, while others show different improvements. This is because
when calculating this metric, all possible matches are used, which is not related to the
setting of thresholds. Overall, our method shows consistent results with the change

of keypoint number and threshold.

Qualitative results. Fig. 4.1 shows the top-1000 detected keypoints for images
and point clouds from different scenes. Detected pixels from images (left, green) and
detected points from point clouds (right, red) are displayed on Chess and Stairs. For
clarity, we randomly highlight some good matches (blue, orange) to enable a better
demonstration of the correspondence relations. As can be seen, by our proposed de-
scriptors, such detected pixels and points are directly and robustly associated, which
is essential for real-world downstream applications (e.g., cross-domain information
retrieval and localization tasks). Moreover, as our network is jointly trained with the
detector, the association is able to bypass regions that cannot be accurately matched,
such as repetitive patterns. More specifically, our detectors mainly focus on the geo-
metrically meaningful areas (e.g., object corners and edges) rather than the feature-
less regions (e.g., floors, screens and tabletops), and thus show better consistency
over environmental changes. Here, we provide more comprehensive visualizations in
Fig. 4.6 to present the sampled keypoints and a few matches from different scenes,
under various camera motion statuses and conditions (e.g., motion blur), perceptual

aliasing and texture-less patterns in the room.

4.4.1.3 Application on Visual Localization

To further illustrate the practical usage of P2-Net, we perform a downstream task of
visual localization [282, 147] on the 7Scenes dataset. The key localization challenge
here lies in the fine-grained matching between pixels and points under significant
motion blur, perceptual aliasing and texture-less patterns. We evaluate our method
against the 2D feature matching based [255, 311] and scene coordinate regression
pipelines [23, 176, 22, 24, 311, 147]. Note that existing baselines are only able to localize

querted 1mages tn 3D maps, while our method is not limited by this but can localize
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Figure 4.6: Examples of good pixel and point matches from different scenes.
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Feature Matching Scene Coordinate Regression

P2[3D_Map] 68.8%
P2[2D Map] 65.1%
SAMatch [54] 63.8%
InLoc [47] 66.3%
HSC-Net [27] 74.7%
DSAC++[7] 76.1%
SANet [54] 68.2%
DSAC [5] 62.5%
RF2 [31] 64.5%
RF1 [6] 55.2%
0% 20% 40% 60% 80%

Figure 4.7: Comparisons on visual localization. Percentage of estimated camera poses
falling within the threshold of (5 em, 5°).

reverse queries from 3D to 2D as well. The following experiments are conducted to
show the uniqueness of our method: 1) recovering the camera pose of a query image
in a given 3D map (P2[3D_Map|) and 2) recovering the pose of a query point cloud
in a given 2D map (P2[2D_Map]).

Evaluation protocols. We follow the same evaluation pipeline used in [230, 255,
311]. This pipeline typically takes input as query images and a 3D point cloud submap
(e.g., retrieved by NetVLAD [3]), and utilizes traditional hand-crafted or pre-trained
deep descriptors to establish the matches between pixels and points. Such matches are
then taken as the input of PnP with RANSAC [22] to recover the final camera pose.
Here, we adopt the same setting in [311] to construct the 2D or 3D submaps that
cover a range up to 49.6 em. Recall that our goal is to evaluate the effects of matching
quality for visual localization, we therefore assume the submap has been retrieved and
focus more on comparing the distinctiveness of keypoints. During testing, we select

top 10,000 detected pixels and points to generate matches for pose estimation.

Results on 7Scenes Dataset. We follow [255, 311] to evaluate models on %
testing frames. The localization accuracy is measured in terms of the percentage of
predicted poses falling within the threshold of (5¢m, 5°). As shown in Fig. 4.7, when
matching 2D features against 3D map, our P2[3D_Map] (68.8%), outperforms InLoc

[255] and SAMatch [311] by 2.6% and 5%, respectively, where the conventional feature
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SP | D2-Net[r2] | ASLFeat [171]
[66] | Triplet Owurs | Contra Ours

HEstimation || 0.877 | 0.818 0.857 | 0.919 | 0.915
Illum Precision 0.629 | 0.650 0.664 | 0.774 | 0.787
Recall 0.565 | 0.564 0.560 | 0.696 | 0.726
HEstimation || 0.651 | 0.553 0.581 | 0.542 | 0.598
View Precision 0.595 | 0.564 0.576 | 0.708 | 0.740
Recall 0.446 | 0.382 0.413 | 0.583 | 0.625

Table 4.2: Comparisons on HPatches [10]. HEstimation, Precision and Recall are
calculated at the threshold of 3 pixels. The best score among methods is underlined
and the better one between losses is in bold.

matching approach is used to localize query images. Moreover, our P2[3D_Map]
presents better results than most of the scene coordinated based methods such as RF1
[23], RF2[176], DSAC [22] and SANet [311]. DSAC** [27] and HSC-Net [147] still
show better performance than ours, because they are trained for individual scenes
specifically and use individual models for testing. In contrast, we directly use the
single model trained from P2[Full] in Sec. 4.4.1.2, which is scene agnostic. In the
unique application scenario that localizes 3D queries in a 2D map, our P2[2D_Map)]
also shows promising performance, reaching 65.1%. However, other baselines are not
capable of realizing this inverse matching. We also evaluate our framework with
existing settings on sparser point clouds (3D projected depth maps) from 7Scenes,
which only have 26,805 points on average for a single view at 640x480 resolution. It
achieves 63.8% and 60.9% accuracy for P2[3D _Map| and P2[2D_Map], respectively,
showing promise for handling sparser point clouds. However, we note that the detailed
evaluation on other types of point clouds, such as the ones obtained from LiDAR
which might have different characteristics (e.g., much sparser), is a future area for

further investigation.

4.4.2 Matching under Single Domains

In this experiment, we demonstrate how our novel proposed P2-Loss formulation can

greatly improve the performance of state-of-the-art 2D and 3D matching networks.

4.4.2.1 Image Matching

In the image matching experiment, we use the HPatches dataset [10], which has been
widely adopted to evaluate the quality of image matching [185, 66, 219, 167, 270,
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209, 293]. Following D2-Net [72] and ASLFeat [171], we exclude 8 high-resolution
sequences, leaving 52 and 56 sequences with illumination or viewpoint variations,
respectively. For a precise reproduction, we directly use the open source code of two
state-of-the-art joint description and detection of local feature methods, ASLFeat
and D2-Net, replacing their losses with ours. SuperPoint (SP) [66] is also a powerful
approach to image matching. However, it resorts to interest point pre-training and
self-labeling that need synthetic shapes and homographic adaptation, which are very
difficult to be directly adopted with our loss. Despite this, we still report the 2D
matching results by SuperPoint in Tab. 4.2 to better present the enhancements on
other baselines. In particular, we keep the same evaluation settings as the original

papers for both training and testing.

Results on the HPatches. Here, three metrics [209] are used: 1) Homography
estimation (HEstimation), the percentage of correct homography estimation between
an image pair; 2) Precision, the ratio of correct matches over possible matches; 3)
Recall, the percentage of correct predicted matches over all ground truth matches.
As illustrated in Tab. 4.2, when using our loss, clear improvements (up to 3.9%)
under illumination variations can be seen in almost all metrics. The only exception
happens for D2-Net on Recall and ASLFeat on HEstimation where our loss is only
negligibly inferior. On the other side, the performance gains from our method can be
observed on all metrics under view variations. These gains range from 1.2% to 5.6%.
Our proposed optimization strategy shows more significant improvements under view

changes than illumination changes.

4.4.2.2 Point Cloud Registration

In terms of 3D domain, we use the 3DMatch [321], a popular indoor dataset for
point cloud matching and registration [127, 64, 94, 54, 53, 93, 50]. We follow the
same evaluation protocols in [321] to prepare the training and testing data, 54 scenes
for training and the remaining 8 scenes for testing. As D3Feat [9] is the only work
which jointly detects and describes 3D local features, we replace its loss with ours for
comparison. To better demonstrate the improvements, the results from FCGF [54]

are also included.
Results on the 3DMatch. We report the performance on three evaluation metrics:

1) Registration Recall (Reg), 2) Inlier Ratio (IR), and 3) Feature Matching Recall
(FMR). As illustrated in Tab. 4.3, when our P2-Loss is adopted (D3_Ours), a 4%
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FCGF [54] D3Feat [9] D3 Ours
Reg FMR IR |Reg FMR IR | Reg FMR Inlier

Kitchen 0.93 0.97 0.97 0.34/0.98 0.99 0.46
Home 1 0.91 0.90 0.99 0.45/0.92 1.00 0.59
Home 2 0.71 0.72 091 0.43/0.73 0.93 0.55

Hotel 1 0.91 \ \ 0.95 098 0.39/0.98 1.00 0.53
Hotel 2 0.87 0.87 0.95 0.37/0.91 0.97 0.49

Hotel 3 0.69 0.80 0.96 0.47/0.81 1.00 0.56
StudyRoom | 0.75 0.83 0.95 0.37/0.86 0.96 0.56
MIT Lab ] 0.80 0.69 0.92 0.42/0.84 0.97 0.54

Average 0.82 0.95 0.54 0.84 0.95 0.41/0.88 0.98 0.54

Table 4.3: Comparisons on 3DMatch [321]. Reg, FMR and IR are evaluated at the
threshold of 0.2 m, 5% and 0.1 m.

and a 3% improvement (compared with D3Feat) can be seen on Reg and FMR,
respectively. In contrast, there is only a 2% and 0% respective difference between
FCGF and D3Feat. In particular, as for Inlier Ratio, our loss demonstrates better
robustness, outperforming D3Feat by 13%, comparable to FCGF. Overall, P2-Loss

consistently achieves the best performance in terms of all metrics.

4.4.3 Loss Discussion

The Impact of Descriptor Loss Finally, we come to analyze the impacts of loss
choices on homogeneous (2D<+2D or 3D<+3D) and heterogeneous (2D<+3D) feature
matching. From the detector loss formulation in Eq. 4.9, we can see that its opti-
mization tightly depends on the descriptor. Therefore, we conduct a comprehensive
study on three predominant metric learning losses for descriptor optimization and aim
to answer: why is the circle-guided descriptor loss best suited for feature matching?
To this end, we track the difference between the positive similarity d,, and the most
negative similarity d,~ (max(d,)) with various loss formulations and architectures.
Fig. 4.8 (left) shows that, in single/homogeneous 2D or 3D domains, both D2-Net
and D3Feat can gradually learn distinctive descriptors. D2-Net consistently ensures
convergence, regardless of the choice of loss, while D3Feat fails when the hard-triplet
loss is selected. This is consistent with the conclusion in [9]. In the cross-domain
image and point cloud matching (Fig. 4.8 (right), we compare different losses and 2D
feature extractors. This overwhelmingly demonstrates that neither hard-triplet nor

hard-contrastive loss can converge in any framework (ASL, R2D2 or P2-Net).
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Figure 4.8: The difference between the positive similarity d, and the most nega-
tive similarity d,- over time with different networks and losses. Left: single-domain
matching; Right: cross-domain matching.

Both triplet and contrastive losses are inflexible, because the penalty strength
for each similarity is restricted to be equal. Moreover, their decision boundaries
are parallel to d,=d,, which causes ambiguous convergence [49, 185]. However, our
loss enables all architectures to converge, showing promising trends towards learning
distinctive descriptors. Thanks to the introduction of circular decision boundary, the
proposed descriptor loss assigns different gradients to the similarities, promoting more
robust convergence [250].

Interestingly, we can observe that the distinctiveness of descriptors initially is
inverted for heterogeneous matching, unlike homogeneous matching. As pixel and
point descriptors are initially disparate, their similarity can be extremely low for both
positive and negative matches in the initial phase. In such a case, the absolute values
of gradients, ranging between [0, 1], with respect to d, and d,, almost approach 1 and 0
[250], respectively. Because of the sharp gradient difference, the loss minimization in
network training will tend to overemphasize the optimization of d, while sacrificing
the descriptor distinctiveness. As d, increases, our loss reduces its gradient and
thus enforces a gradually strengthened penalty on d,,, encouraging the distinctiveness

between d, and d,,.

Similarity Analysis For a better understanding of our proposed loss, we track the

changes of the positive similarity d, and the most negative similarity d,-=max(d,)
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Figure 4.9: The positive similarity d, and the most negative similarity d,, changes in
different settings.

under various loss formulations and different networks. Here, d,, and d,, actually rep-
resent the average value of all S; and all (mjax(sg ), mjax(sfg )) in Eq. 4.8, respectively.
The similarity is calculated from the cosine distance that varies between [—1,1] (c.f.
Sec. 4.3.2. For clarity, we use d,, to directly denote d,,« in the following text.

Here, we report the results of 1) P2-Net trained with our circle-guided descriptor
loss (P2.d,, P2.d,,); 2) P2-Net trained with the contrastive descriptor loss (Cont_d,,
Cont_d,) [9]; 3) P2-Net trained with the triplet descriptor loss (Tri_d,, Tri-d,) [72,
171]; 4) P2-Net replaced with the ASL feature extractor (ASL_d,, ASL_d,,) [171]; 4)
P2-Net replaced with the R2D2 feature extractor (R2D2.d,, R2D2.d,,) [171]. The
last two networks are trained with our circle-guided descriptor loss. Other training
or testing settings are kept the same.

As can be seen in Fig. 4.9, because pixel and point descriptors are heterogeneous,
both d, and d,, are extremely low (often around zero) in the initial phase. When
P2-Net is trained with contrastive or triplet descriptor loss, Cont_d,, and Tri_d, will
quickly approach Cont_d,, and Tri_d,. Under such cases, the network will lose the
ability to distinguish d, and d,,, resulting in ambiguous convergence. In the cases that
only the 2D feature extractor is replaced, the loss minimization in network training
will tend to synchronously increase the similarity for both positives and negatives,

sacrificing the descriptor distinctiveness, which is consistent with the conclusion in
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Sec. 4.4.3. Moreover, because the design of our detector encourages higher relative
scores for distinctive correspondence, such misleading distinctiveness from the descrip-
tor cannot provide explicit and proper guidance for the detector at the beginning. In
particular, our detector applies the hardest-in-batch sampling strategy in the global
area, which further increases its dependence on distinctive descriptors. These also

support the adoption of two-stage training discussed in Sec. 4.3.3.

4.5 Conclusion

In this chapter, we propose P2-Net, a dual and fully-convolutional framework in
combination with an ultra-wide reception mechanism to jointly describe and detect
2D and 3D local features for direct matching between pixels and points. Moreover,
a novel loss function, P2-Loss that consists of a circle-guided descriptor loss and a
batch-hard detector loss, is designed to explicitly guide the network to learn distinctive
descriptors and detect repeatable keypoints for both pixels and points. Extensive
experiments on pixel and point matching, visual localization, image matching and
point cloud registration not only show the effectiveness and practicability of our P2-
Net but also demonstrate the generalization ability and superiority of our P2-Loss.
In conclusion, our P2-Net enables directly localizing 2D images in a 3D model or
localizing 3D point clouds in a 2D Map, which reduces the restrictions for both sensors
exploited for localization and types of pre-built maps. Thus, it is flexible and practical
in real-world usages. However, this chapter only talks about point clouds but what
actually is used are 3D projected depth maps. Other types of point clouds, such as the
ones obtained from LiDAR, might have different characteristics (e.g. much sparser)
and this is not discussed. How could we design a more robust mechanism to handle
sparsity (e.g. applying pyramid representation for multi-scale information capture)
is a future area of deeper investigation. Additionally, our approach would also be
useful for interesting applications such as texture mapping (e.g., mapping pixels from
a texture to a 3D surface) and robotic manipulation (e.g., matching images against
3D templates). These application scenarios demonstrate the significance of directly

building 2D-3D matches, which brings interesting topics to be further explored.
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Chapter 5

Learning Informative
Representations for 3D Semantic
Surface Reconstruction

5.1 Introduction

Recovering fine-grained geometry and the semantic composition of 3D scene point
clouds is a key enabler for many cutting-edge applications in augmented reality and
robotics. To obtain geometric details, classical methods [122] usually rely on strong
geometric priors such as local linearity, resulting in the recovered surfaces being over-
smooth, losing fine details.

By encoding geometry into multi-layer perceptrons, recent implicit representations
have shown great potential to reconstruct complex shapes from point clouds and im-
ages [206, 211, 184]. Their key advantage is the ability to represent 3D structures as
continuous functions, which can achieve unlimited spatial resolution in theory. Im-
plicit representations can broadly be divided into: 1) occupancy fields (OF) [182],
2) signed distance fields (SDF) [206], 3) radiance fields (NeRF) [184], and 4) hybrid
representations [200]. Although they have been successfully applied and achieved
impressive results in 1) image based shape reconstruction [47, 249|, 2) image based
scene understanding [322], 3) differentiable rendering [198, 164], 4) novel view synthe-
sis [274], and 5) shape generation [197], few works are able to recover the precise 3D
surfaces and semantics of large-scale point clouds such as spacious rooms with dozens
of chairs and tables. Fundamentally, this is because the true surfaces of these sparse
point clouds are inherently open and have arbitrary topology. However, the widely
used OF [182] and SDF [206] can only model closed surfaces. Although NeRF [184]

methods can take point clouds as input to estimate continuous structures, the under-
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Input Sparse Point Cloud 3D Surface Only Semantic 3D Surface Semantic 3D Surface
(10k points) NDF RangeUDF (Ours) Ground Truth

Figure 5.1: Given a sparse input point cloud with complex structures from ScanNet
[58], our RangeUDF jointly recovers precise geometry and accurate semantics of con-
tinuous 3D surfaces, while existing methods such as NDF [48] cannot.

lying volume rendering does not provide sufficient geometric constraints to recover
fine-grained details.

This lacuna in modeling open surfaces has recently begun to be filled by a handful
of works. Among them, there are two pipelines. The first pipeline is SAL [6] and its
variant [7]. By learning with an unsigned objective and careful initialization of an
implicit decoder, they do not require closed shapes in training. However, their final
recovered 3D surfaces tend to be closed, leading to missing interior structures. The
second pipeline is based on the NDF method [48]. Given an input point cloud and an
arbitrary query point in 3D space, they learn to directly regress the unsigned distance
between that query point and the underlying surface. Albeit simple, NDF achieves
high-fidelity results in recovering truly open surfaces, especially for object-level and
small-scale dense point clouds.

Nevertheless, NDF cannot be efficiently extended to scene-level point clouds due
to two limitations. 1) Since NDF is based on voxel representations to extract local
features, it requires high memory usage or time-consuming sliding windows to process
large point clouds, and often fails to retain fine-grained details given limited voxel
resolutions. 2) To infer the unsigned distance for a specific query point, NDF adopts
trilinear interpolation to compute a feature vector for that query point from its neigh-
boring voxels. However, this key step is likely to suffer from surface ambiguity when
the input point clouds are sparse and with variable density. These two limitations
directly lead to the estimated unsigned distances being inaccurate, and the recovered
surfaces over-smooth. In addition, NDF does not simultaneously estimate surface
semantics, and it is unclear how to integrate valid semantic segmentation for query
points that might be on or off surfaces.

In this chapter, we introduce range-aware unsigned distance fields (RangeUDF),
a simple end-to-end neural implicit function that can jointly estimate precise 3D sur-

face structures and semantics from raw and large-scale point clouds, without suffering
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from the limitations of existing approaches. In particular, our framework consists of
three major components: 1) a per-point feature extractor that can take large-scale
point clouds in a single forward pass, 2) a range-aware neural interpolation module
that can clearly avoid the surface ambiguity for all query points to infer accurate
unsigned surface distances, and 3) a surface-oriented semantic segmentation module
that can effectively learn surface semantics even if the query points are far from the
surfaces during training.

Being built on the above components, in particular the latter two, our method
is not restricted to any surface topology, and can recover fine-grained geometry and
semantics regardless of the openness, sparsity and density of input point clouds. Our
RangeUDF clearly surpasses the state-of-the-art surface reconstruction approaches
on four point cloud datasets. In addition, our RangeUDF demonstrates remarkable
generalization capability across multiple unseen datasets. Figure 5.1 shows qualitative

results of our approach in ScanNet dataset [58]. Our key contributions are:

1. We propose a range-aware feature interpolation module to obtain a unique fea-
ture vector for each query 3D point. This allows us to infer precise unsigned

distances without any surface ambiguity.

2. We introduce a surface-oriented semantic segmentation module that enables our

framework to jointly estimate surface semantics.

3. We demonstrate significant improvement over baselines and surpass the state-

of-the-art methods by large margins on four point cloud datasets.

Nevertheless, it is worthwhile highlighting that our RangeUDF is technically very
simple, intuitive and easy to implement as detailed in Section 5.3, while achieving
extraordinary performance. Therefore, the core novelty of our method lies in the
simplicity and usefulness. We urge the reader to appreciate the neatness instead of

expecting complicated or difficult novelties.

5.2 Related Work

Shape reconstruction has been studied for decades. Classical approaches to recover
3D structures from images mainly include SfM [202] and SLAM [31] systems such
as COLMAP [235] and ORB-SLAM [190]. Surface reconstruction of 3D point clouds
mainly relies on global or local smoothness priors such as Poisson reconstruction [122],

radial basis functions [35] and moving least-squares surfaces [98]. A comprehensive
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survey of classical methods can be found in [16]. Recent learning based approaches

for 3D shape representation and semantic segmentation are outlined below.

Explicit 3D Representations: To model explicit 3D geometry of objects and
scenes, impressive progress has come from recent advances in recovering voxel grids
[55], octree [259], point clouds [80], triangle meshes [121] and shape primitives [338]
from either images or point clouds. Although they have shown great performance in
shape reconstruction [308, 256], completion [245], shape generation [155], and scene
understanding [275, 90], the quality of such discrete shape representations are inher-
ently limited by the spatial resolution and memory footprint. As a consequence, they

are hard to scale up to complex 3D scenes.

Implicit 3D Representations: To overcome the discretization issue of explicit
representations, MLPs have been recently used to learn implicit functions to repre-
sent continuous 3D shapes. Such implicit representations can be generally classified
as: 1) occupancy fields [182, 45], 2) signed distance fields [244], 3) unsigned distance
fields [48, 6], 4) radiance fields [184], and 5) hybrid fields [286]. Among them, both
occupancy fields and signed distance fields can only recover closed 3D shapes, while
radiance fields focus on neural rendering instead of surface reconstruction. In the
past two years, these representations have been extensively studied for shape recon-
struction [211, 224, 37, 172, 324], neural rendering and novel view synthesis [198],
shape generation [170], and understanding [145, 322]. Although achieving impressive
results, almost all of these works focus on single objects or small-scale scenes. In this
paper, we scale up the implicit representation to the next level, where our RangeUDF
can jointly estimate precise 3D surfaces with semantics from real-world complex point

clouds where existing methods cannot.

3D Semantic Segmentation: To learn per-point semantics for point clouds, ex-
isting methods generally include 1) projection and voxel based methods [95] and 2)
point based methods [214]. Given fully-annotated point cloud datasets, the existing
approaches have achieved excellent semantic segmentation accuracy. However, these
methods are designed to classify the discrete and individual 3D points explicitly sam-
pled from scene surfaces. With the fast development of the implicit representation
of 3D scenes, it is desirable to learn semantic information for implicit surfaces. To
the best of our knowledge, there is no prior work to jointly estimate structures and

semantics for implicit representations from real-world sparse point clouds.
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Figure 5.2: In our RangeUDF, given an input point cloud, the feature extractor
firstly extracts high-quality features for each point. This is followed by our novel
range-aware unsigned distance function and surface-oriented segmentation module to
learn precise geometry and semantics for each query point.

5.3 Method Overview

Given an input point cloud P of a 3D scene, which consists of N sparsely and non-
uniformly distributed 3D points sampled from complex structures and open surfaces,
our objective is to reconstruct the underlying continuous surface geometry Sy, and
semantic classes Sg.,. We formulate this problem as learning a neural unsigned
distance function f with semantic classification. This neural function takes the entire
point cloud P and an arbitrary query point ¢ as input, and then directly predicts
the unsigned distance d, between query point ¢ and the closest surface, together with
the semantic label s, out of C classes for the corresponding closest surface point.

Formally, it is defined as below:

(dg,84) = f(P,q); q€Rd, e RY,s, c R¢ (5.1)

As shown in Figure 5.2, our framework consists of four building blocks: 1) the
per-point feature extractor shown in the top-left green block, 2) the query point neigh-
borhood search module in the bottom-left yellow block, 3) the range-aware unsigned
distance function in the top-right orange block, and 4) the surface-oriented semantic
segmentation module in the bottom-right blue block.

For the feature extractor, we simply adopt the existing large-scale-point-cloud
friendly RandL A-Net [109], although our framework is not restricted to any specific
network. For the neighborhood query module, we use KNN to collect K neighboring
points for every query point ¢ according to point Euclidean distances, although we
note that other query methods such as spherical query [264] are also applicable. After

collecting K points and their features for each query point ¢, we feed them into our
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Figure 5.3: The ambiguity of simple trilinear interpolation.

range-aware unsigned distance function and the surface-oriented segmentation module

to learn structures and semantics. Details of these two modules are discussed below.

5.3.1 Range-aware Unsigned Distance Function

Ambiguity of Trilinear Interpolation: Given the K neighboring points and their
features for a specific query point ¢, trilinear interpolation is widely used in existing
works such as ConvOcc [211] and NDF [48] to obtain a weighted feature vector for the
query point ¢. However, such simple interpolation may suffer from distance ambiguity
during network training when point clouds are sparse with complex structures. As
shown in Figure 5.3, given two different point clouds (Py, Ps) and the same query
point ¢ during training, it is very likely that the queried two sets of neighboring points
{pi,ps, pi} in Py, and {p?,p3,p3} in Py have the same or similar point locations and
features. Naturally, the simple trilinear interpolation will result in the same or similar
feature vector for point ¢ in these two scenarios.

However, due to the sparsity and complexity of point clouds (Py, Ps), their under-
lying surfaces, as indicated by the brown and blue lines, can be significantly different.
As a result, the ground truth supervision signals, i.e., unsigned distances dé and dg,
will be quite different. This means that, during training, the network has to predict
two vastly different distance values given the same or similar input feature vector of
the query point ¢g. Such ambiguity directly confuses the network during training, and
the network tends to predict mean distance values. In testing, the network naturally

predicts over-smooth surfaces.

Range-aware Neural Interpolation: To overcome such ambiguity, we introduce

a simple yet effective range-aware neural interpolation module as illustrated in the or-
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Figure 5.4: The importance of relative distance.

ange block of Figure 5.2. In particular, given a query point ¢, we have its neighboring
points {p;...px} and point features {F; ... Fx} at hand. Our range-aware neural
interpolation module explicitly takes into account the relative distances and absolute
positions of all neighboring points. In particular, we encode the range information

for each neighboring point as follows:
R = MLP((q—pk) 6961691%) (5.2)

where ¢ and p, are the zyz positions of points, 6 is the concatenation operation.
For scale consistency, all input point clouds are normalized within a cube of [-0.5, 0.5]
along zyz axes in our experiments. As illustrated in Figure 5.4, for the same query
point ¢ in space, if the queried neighboring patches of two point clouds (P, Py) have
similar surfaces but with different position shifts, the relative position term (¢ — pi)
can directly aid the network to learn the difference between unsigned distances d;
and dg. Our ablation study in Table 5.7 clearly shows the effectiveness of such range
information.

Unlike trilinear interpolation which simply computes a set of weights {w{ ... w}%}
using Euclidean distances between ¢ and {p; ...px ... px}, our module instead learns
informative vectors {R{... R} ... R} }. These are explicitly aware of the range be-
tween query point ¢ and all of its neighboring points, overcoming the distance ambi-
guity of trilinear interpolation. In order to interpolate a single feature vector F'¢ for
the query point ¢, we concatenate the range vectors with point features followed by

a pooling operation. In particular, our neural interpolation is defined as follows:

Fi :A<[R‘{@F1]...[Rz@Fk]...[R}Q@FKD (5.3)
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Surface

Figure 5.5: Eliminating the absolute position of the query point.

where A is an attention module. We use the simple AttSets [309] in our experiments,
though more advanced modules such as Transformer [279] would likely yield better

results in practice.

Unsigned Distance Regression: In order to infer the final unsigned distance
value, we directly feed the feature vector F'¢ of the query point ¢ into a series of
MLPs. Identical to NDF [48], the output layer is followed by a ReLU function,
clipping the distance value to be equal/greater than 0.

5.3.2 Surface-oriented Semantic Segmentation

Being different from unsigned distance estimation, it is non-trivial to learn valid
semantic classes for continuous surfaces. The key difference is that, for those query
points corresponding to empty space, they do not have any valid semantic labels
to supervise. Instead, only the points on surface patches have supervision signals.
A naive strategy is to separately optimize the unsigned distance branch using both
on/off-surface points, while optimizing the semantic segmentation branch using on-
surface points only. However, such a strategy would inevitably lead to an imbalance
and ineffective optimization of two branches.

To overcome this issue, we introduce a surface-oriented semantic segmentation
module as illustrated in the blue block of Figure 5.2. In particular, given a query point
q, we have its neighboring points {p; ... px . .. px } and point features {F} ... Fy, ... Fx}
at hand. Our module only takes into account the information of these neighboring
points to infer the semantic class, while ignoring the absolute position of the query

point ¢q. Formally, our module learns the semantic class for point ¢ as follows:
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sq = MLPs (A([pl ®F]...... DK @ FK]>) (5.4)

where A is also Attsets, p; - -+ pg are the neighboring point positions concatenated
for training stability.

Fundamentally, our above formulation aims to learn a semantic class for the surface
patch formed by the K neighboring points, instead of for the query point ¢ directly. As
illustrated in Figure 5.5, given the same surface patch formed by neighboring points
{p1,p2,p3}, for all query points {qi,qo,...} near such surface patch, our surface-
oriented segmentation module is driven to learn a consistent semantic class, thus

eliminating the sensitivity caused by the absolute position of the query point.

5.3.3 End-to-End Implementation

Network Architecture

Feature Extractor. This module aims to extract per-point features from an
input point cloud. As mentioned in Section 5.2, we simply adopt the existing large-
scale-point-cloud friendly RandLA-Net [109]. As shown in Figure 5.6, given a raw
point cloud with N on-surface points {p;...p,...pny} of a scene, a 4-level encoder-
decoder with skip connections is applied to learn a 32-dimensional feature vector
{F;...F,... Fy} for each of N points.
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Figure 5.6: The detailed architecture of feature extractor. We modify the last layer
of the decoder in RandLLA-Net to output a 32-D feature vector for each surface point.

Neighborhood Query. For the neighborhood query module, we use KNN to
collect K neighboring points for every query point according to point Euclidean dis-
tances. As shown in Figure 5.7, given a query point ¢, we first search the nearest K
points in N surface points. Such K neighboring surface points {p; ...px...px} of ¢

and corresponding point features {Fj ... Fy ... Fi} are retrieved.

80



I

F
Surface&eatures K o1, 0, ok} {Fy, -+, Fy -+, Fy}
Surface Points E‘J = I
(N,3 +d) ﬂ = I
@ g —
13)
Query Points o <+ -jll— (K,3) (K,32)
q(x,y,2)

Figure 5.7: The details of the neighborhood query module.

Range-aware Unsigned Distance Function Our range-aware unsigned dis-
tance function consists of: 1) range information encoding; 2) neural interpolation;
and 3) unsigned distance regression.

1) Given a surface point py as an example, we encode the range information for

this neighboring point as follows:

R} = MLP(q®p® (g - pr)) (5.5)

where ¢ and pi are the xyz positions of points, @ is the concatenation operation.
As shown in the top block in Figure 5.8, the input of M LP is a concatenated 9-

dimensional position vector and the output is a 32-dimensional range vector Rj.
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Figure 5.8: The details of range-aware unsigned distance function.

2) To interpolate a single feature vector F? for the query point ¢, we concatenate

the range vectors with point features followed by an attention pooling. Our neural
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interpolation is defined as follows:
Fi :A<[R§@F1]...[Rz@Fk]...[R}’(@FKD (5.6)

where A is the simple AttSets [309] in our experiments. As shown in the bottom
block in Figure 5.8, the input of AttSets is K concatenated 64-dimensional vectors
and the output is a 32-dimensional feature vector F/.

3) Lastly, we directly feed the feature vector F? of the query point ¢ into 4 MLPs.
The output dimensions of these MLPs are (512 — 32 — 32 — 1). For the first three
MLPs, a LeakyReLU (0.2) is integrated into each layer. The last MLP is followed by
a ReLU function, enabling the distance value to be equal/greater than 0.

Surface-oriented Semantic Segmentation. Our surface-oriented semantic
segmentation module contains two modules: 1) surface-oriented interpolation and
2) semantic classification.

1) Given a query point ¢, we have its neighboring points {p;...px} and point
features {Fj ... Fx} at hand. Our module only takes into account the information
of these neighboring points. Formally, we learn the semantic feature for point ¢ as
follows:

Fi=A(pmeF]. ... [prc ® Fx]) (5.7)

where A is also the attention function Attsets [309] to aggregate the K feature vectors.
Specifically, the input of AttSets is K concatenated 35-dimensional vectors and the
output is a 32-dimensional semantic feature vector FZ.

2) Then, we predict the semantic class for the query point ¢ from its semantic
feature vector F¢ by 3 MLPs. The output dimensions of these MLPs are (64 — 32 —
Nelass)- For the first two MLPs, a LeakyReLU (0.2) is integrated into each layer.

o - —————— ~
f {p1-px} {Fp-Fg} Semantic
I B 1 : AttSets Fq MLps . Class
Bl ] — I —
I - :l [ (1,32) (1, ncyass)
I\ _ _-_( K,35) /' Neural Interpolation

Figure 5.9: The details of surface-oriented semantic segmentation.

Implementation Details
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We implement our RangeUDF with PyTorch. All experiments in this chapter are
conducted on the same machine with an Intel(R) Xeon(R) E5-2698 v4 @ 2.20GHz
CPU and an NVIDIA Tesla V100 GPU. Note that, for a fair comparison with Con-
vOcc [211] and SA-ConvOnet [257], the evaluations are based on their provided pre-
trained models. In addition, as NDF does not conduct scene-level surface reconstruc-
tion in the original paper [48], we carefully adapt it to our context based on the official
implementation.

Training. Our entire framework is trained end-to-end from scratch without any
pre-training. The unsigned distance is optimized using ¢; loss and the semantic
segmentation using cross-entropy loss ... To avoid manually tuning the weights
between two losses for experiments in Sec 5.4.3, we apply the uncertainty loss [125]
with default settings. In addition, we use a batch size of 4 on all datasets. The
number of nearest neighbors K is set as 4 in all experiments. For each scene in the
batch, we feed a point cloud with 10k points into the feature extractor, and feed
randomly sampled 50k query points into the neighborhood query module. ADAM
optimizer with default parameters is adopted and the learning rate is set as 1072 in
all epochs. We observe that our method can be quickly optimized. In particular,
for the task of surface reconstruction on the ScanNet dataset, NDF [48] requires
around 48.2 hours (85 epochs) to fully converge. In contrast, our RangeUDF only
uses ~10.4 hours (390 epochs). For an easy reproduction of our results in semantic
surface reconstruction, we uniformly train our RangeUDF for 20 hours on each dataset
which ensures convergence for all datasets.

Testing. In testing, given sparse point clouds as the input, we use the same
algorithm introduced in NDF [48] to extract dense point clouds and the Marching
Cubes to extract meshes together with semantics for evaluation.

To quantitatively compare the performance of our approach and baselines, we
randomly sample 100k points (the same as [182, 48, 211]) from the reconstructed
surfaces to compute both reconstruction metrics (CD-Ly, CD-Lsy, F-score) and se-
mantic segmentation metrics (mloU, OA). Different from baselines such as OccNet,
ConvOcc and SA-ConvONet which sample surface points from generated meshes,
both NDF and our method sample surface points from extracted dense point clouds.
For dense point cloud extraction, we use Algorithm 1 from NDF. Specifically, the
distance threshold and the minimum number of generated points are set to 0.1 and
1,600k, respectively. Our RangeUDF consumes around 9.8s on average to generate a

dense point cloud for a scene. However, NDF needs 60.2s for one scene. Additionally,
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only 0.8s is needed by our RangeUDF to infer the semantic classes for a generated
dense point cloud (over 1,600k points).

To comprehensively demonstrate the performance of our proposed approach, qual-
itative results are shown by generating meshes for each scene. For both NDF and
our RangeUDF, we simply regress the unsigned distance value for each voxel in
a volume at the resolution of 2563. To generate such volume, our method takes
about 0.95s while NDF needs around 15.0s. The volume is then directly fed into the
marching_cubes_lewiner method from skimage.measure with the setting of level=0.003,
spacing=[1.0/255] % 3 to extract the mesh.

5.4 Experiments

We evaluate our RangeUDF in two categories of experiments. First, we evaluate the
accuracy of surface reconstruction on four point cloud datasets, including Synthetic
Rooms [211], ScanNet [58], 2D-3D-S [4] and SceneNN [110]. Note that, only the
Synthetic Rooms dataset consists of closed 3D surfaces, while the other three are real-
world datasets with complex topology and noisy open surfaces. Second, we jointly
evaluate both semantic segmentation and surface reconstruction of our RangeUDF
on the three challenging real-world datasets, and extensively investigate how one task

might benefit the other. For all datasets, we follow their original train/val/test splits.

5.4.1 Data Preparation

Datasets

In this chapter, we consider four point cloud datasets: Synthetic Rooms, ScanNet,
2D-3D-S and SceneNN.

Synthetic Rooms [211] is a synthetic indoor dataset, consisting of 5000 scenes
(3,750 for training, 250 for validation and 1,000 for testing). Fach scene has several
objects (chair, sofa, lamp, cabinet, table) from ShapeNet [38]. We follow the same
split setting in [211] and use the whole test set to conduct the quantitative evaluation.

SceneNN [110] is an RGB-D dataset with 76 indoor scenes for the task of 3D
semantic segmentation. There are 56 scenes for training and 20 scenes for testing [111]
with 11 semantic classes. We adopt the same split setting in our experiments.

ScanNet [58] contains 1,513 real-world rooms collected by an RGB-D camera.
There are 20 semantic classes in the evaluation of 3D semantic segmentation. In

particular, there are 1,201 scans for training and 312 for validation. Since ScanNet
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does not provide an online benchmark for surface reconstruction, we use the validation
as our testing set and directly sample surface points from the provided raw (without
alignment) non-watertight meshes.

2D-3D-S [4] covers 6 large-scale indoor areas with 271 rooms (Area-1: 44, Area-2:
40, Area-3: 23, Aread: 49, Area-5: 67, Area-6: 48) captured by Matterport sensors.
There are 13 annotated semantic classes for this dataset. A non-watertight mesh
is provided for each room. Note that, Area-5 is split into Area-5a and Area-5b, in
which 47 rooms are unevenly broken into two parts. To avoid the imbalanced data
introduced by Area-5, we choose Area-1~ Area-4 as our training set and Area-6 as

the testing set.
Data Generation

For all datasets, we follow the same pre-processing steps used in NDF [48] and
ConvOcc [211] to normalize each ground truth scene mesh into a unit cube. For each
scene, we sample both on- and off-surface points as the query points in training. In
particular, we randomly sample 10k surface points from the normalized mesh. For
each surface point, we take the semantic class of the face that the surface point belongs
to as its semantic class. For all surface points, their unsigned distance values are all
equal to 0.

We also sample 100k off-surface points in a unit cube for each scene using the
same strategy in NDF [48] and ConvOcc [211]. For each off-surface point, we find its
nearest face on the ground truth mesh and then calculate the corresponding unsigned
distance value. Naturally, we directly assign the semantic label of the nearest face to
that query point. It is noted that all surface and off-surface points are preserved and
fixed for both training and testing after the sampling. With the xyz positions of all
query points and their unsigned distances and semantics, we train our RangeUDF in

an end-to-end fashion.
Metrics

To evaluate the accuracy of reconstruction, we use the standard Chamfer-L; Dis-
tance (CD-L; x1072, |), Chamfer-Ly Distance (CD-Lyx107*, |) and F-score (1) with
different thresholds (FS-9, FS-2§, FS-49, 6=0.005) as primary metrics [211]. To evalu-
ate the performance of semantic segmentation, we report the standard metrics includ-
ing the mean IoU (mloU, 1) and Overall Accuracy (OA, 1) of all classes. Following
NDF and ConvOcc, all scores are computed by comparing the point clouds sampled

from predicted implicit surfaces and ground truth meshes.
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Methods | CD-L, CD-L, FS-§ FS-26 FS-46

SPSR || 2.083 - - 0.762 0.812
Trimmed SPSR | 0.690 - - 0.892 -
PointConv | 1.650 - - 0.790 -
OccNet || 2.030 - - 0.541 -

SAL || 2.720 - - 0.405 0.598

IGR || 1.923 - - 0.740 0.812

LIG | 1.953 - 0.625 0.710

ConvOcc | 0.420 0.538 0.778 0.964 0.983
NDF | 0.408 0.301 0.713 0.952  0.998
SA-ConvOnet | 0.496  0.686 0.747 0.936 0.986
RangeUDF || 0.348 0.179 0.803 0.978 0.999

Table 5.1: Quantitative comparison of our RangeUDF with existing methods on the
scene-level reconstruction of Synthetic Rooms. The best scores are in bold and the
second best ones are underlined.

| SceneNN \ ScanNet \ 2D-3D-S
Metrics | CD-L; CD-L, FS-§ FS-26 [CD-L; CD-L, FS-§ FS-20 [CD-L, CD-L, FS-0 FS2§
NDF | 0460 0.248 0.726 0927 | 0385 0214 0.800 0.964 | 0418 0523 0.762 0.969
Ours | 0.327 0.169 0.834 0.977 | 0.286 0.125 0.884 0.988 | 0.327 0.194 0.845 0.977

Table 5.2: Quantitative results of our RangeUDF and NDF on three real-world
datasets: SceneNN, ScanNet and 2D-3D-S.

5.4.2 Surface Reconstruction

To thoroughly evaluate our RangeUDF, we conduct two groups of experiments: 1)
reconstruction on each of the four benchmark datasets, 2) generalization across un-
seen datasets. In all experiments, we follow the same settings of [182, 48, 211]. In
particular, we use 10k on-surface points and 100k off-surface points for each scene
in training. During testing, we randomly sample 100k points from the reconstructed

surfaces to compute scores.
Results on Four Benchmark Datasets

In this group of experiments, all methods are trained and tested within each of
the four datasets. Table 5.1 compares the quantitative results of our method and
ten solid baselines on Synthetic Rooms [211]. Since this synthetic dataset has perfect
closed 3D surfaces, it is amenable to all types of implicit representations and classical
methods. It can be seen that our RangeUDF clearly outperforms all existing methods
in all metrics, pushing the accuracy to the next level. To be specific, compared with
the state-of-the-art approach (NDF [48]), the proposed method demonstrates 14.71%

and 9.00% improvements in CD-L; and FS-o scores, respectively.
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Figure 5.10: Qualitative results of surface reconstruction of our RangeUDF and NDF
on three real-world datasets: SceneNN, ScanNet and 2D-3D-S. For a fair comparison

and visualization, we use the same level value to obtain the approximate meshes using
Marching Cubes for both NDF and our RangeUDF.

Table 5.2 shows the quantitative results on the three challenging real-world datasets:
SceneNN [110], ScanNet [58] and 2D-3D-S [4]. Since these datasets only have open 3D
surfaces for training, we can only compare with NDF [48], while other methods fail to
be trained. It can be seen that our RangeUDF surpasses NDF by large margins on all
three datasets over all metrics. In particular, a 25.46% boost over these datasets can
be observed from the term of CD-L;. This demonstrates the superiority of our simple
range-aware unsigned distance function for recovering real-world complex 3D scenes
with arbitrary topology. Figure 5.10 shows the qualitative results, and we can see
that our method successfully recovers continuous and fine-grained scene geometries,
while NDF generates surfaces with many holes and fails to interpolate high-quality

continuous geometries.
Generalization to Unseen Datasets

We further evaluate the generalization capability of our RangeUDF in surface
reconstruction. In particular, we train RangeUDF on one specific dataset and then
directly test it on the other three datasets. For comparison, we include ConvOcc
[211], NDF [48], SA-ConvOnet [257] to conduct the generalization experiments from

Synthetic Rooms to the other three datasets. For generalization from real-world
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Trained on | CD-L; CD-L, FS-6 FS-26 | CD-L; CD-Ly FS-6 FS-26|CD-L; CD-L, FS-6 FS-26
Synthetic: Tested on SceneNN Tested on ScanNet Tested on 2D-3D-S
ConvOcc | 0.816  1.733 0421 0.786 | 0.845 1.902 0.397 0.778 | 0.960 2.433 0.323 0.884
NDF | 0.455 0.286 0.649 0.962 | 0.452 0.281 0.648 0.960 | 0.468 0.286 0.609 0.969
SA-ConvOnet | 0.744 1223 0.393 0.836 | 0.776 1.662 0.346 0.833 | 0.874 1.983 0.303 0.811
Ours || 0.332 0.176 0.827 0.975 | 0.303 0.139 0.864 0.986 | 0.327 0.160 0.838 0.981
SceneNN: Tested on Synthetic Rooms Tested on ScanNet Tested on 2D-3D-S
NDF | 0.569 0.458 0.404 0.868 | 0.462 0.389 0.707 0.928 | 0.688 1.712 0.662 0.858
Ours | 0.474 0.407 0.627 0.904 | 0.285 0.127 0.880 0.989 | 0.340 0.190 0.826 0.977
ScanNet: Tested on Synthetic Rooms Tested on SceneNN Tested on 2D-3D-S
NDF | 0.568 0.431 0.401 0.881 | 0.425 0.273 0.730 0.948 | 0.442 0.284 0.698 0.948
Ours || 0.481 0.489 0.607 0.915 | 0.324 0.166 0.837 0.978 | 0.329 0.164 0.834 0.980
2D-3D-S: Tested on Synthetic Rooms Tested on SceneNN Tested on ScanNet
NDF | 0.527 1.799 0.645 0.972 | 0.382 0.217 0.780 0.970 | 0.378  0.205 0.787 0.972
Ours | 0.432 0.310 0.654 0.929 | 0.314 0.161 0.845 0.978 | 0.272 0.112 0.898 0.991

Table 5.3: Quantitative results of our method and baselines in the generalization of
surface reconstruction across four datasets.

ScanNet SceneNN

2D-3D-S

ConvOcc

3

) N -
o r
h

SA-ConvONet

NDF

RangeUDF (Ours)

Figure 5.11: Qualitative results of our method and baselines (ConvOcc [211], SA-
ConvONet [257] and NDF [48]) in the generalization of surface reconstruction from
Synthetic Rooms [211] to real-world SceneNN [110], ScanNet [58] and 2D-3D-S [4]
datasets. For comparisons, all meshes are obtained using Marching Cubes with the
same settings.
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datasets, we can only compare with NDF.

As shown in Table 5.3, our RangeUDF significantly outperforms all methods in all
settings of generalization experiments. Remarkably, the reconstruction performance
of our method is extremely consistent and stable across multiple unseen datasets in
the challenging generalization experiments. Note that, the state-of-the-art implicit
methods including ConvOcc, NDF and SA-ConvOnet, all adopt trilinear interpolation
to obtain the feature vectors for query points, while our method uses the proposed
range-aware neural interpolation module. This comparison clearly demonstrates the
superiority of our proposed RangeUDF.

In Figure 5.11, we also provide more qualitative results of generalization experi-
ments from Synthetic Rooms [211] to the other three datasets: SceneNN [110], Scan-
Net [58] and 2D-3D-S [4]. For comparison, we include the results from ConvOcc [211],
NDF [48], SA-ConvONet [257]. To better demonstrate the generalization capability,
we use the same scenes from qualitative results in Section 5.3.

In particular, all methods are trained on the synthetic dataset and then directly
test it on the other three real-world datasets. As shown in Figure 5.11, our RangeUDF
demonstrates significantly finer surface details, while ConvOcc / SA-ConvONet can
only recover over-smooth surfaces and NDF fails to generalize to novel datasets. Re-
markably, the qualitative results of our method are extremely consistent and stable

across multiple unseen datasets.

5.4.3 Semantic Segmentation and Reconstruction

In addition to recovering accurate 3D surfaces from point clouds, our RangeUDF
can also infer semantic classes for continuous surfaces, while the existing implicit
representation based methods cannot. Although there are a plethora of semantic seg-
mentation approaches [214, 151, 264] specially designed for discrete 3D point clouds,
their experimental settings are vastly different from our RangeUDF. Therefore, it is
hard and unfair to directly compare the performance on the online benchmark. In
fact, our simple semantic branch does not target at achieving the best performance
for a specific set of discrete points. Instead, we aim to demonstrate that the semantics
of continuous surfaces can be effectively learned for our implicit representation.

In this section, we turn to evaluate how the semantics of our implicit represen-
tation can be effectively learned, and how the surface reconstruction and semantic
segmentation affect each other in the joint framework. In particular, we conduct the
following two groups of experiments on the three real-world datasets: SceneNN [110],
ScanNet [58] and 2D-3D-S [4].
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Datasets 2S-3D-S SceneNN
Tasks || Semantic Segmentation Surface Reconstruction Semantic Segmentation Surface Reconstruction
Metrics OA (%) mloU (%) CD-L, FS-6 OA (%) mloU (%) CD-L, FS-0
Points | 10K 50K | 10K 50K | 10K 50K 10K 50K 10K 50K | 10K 50K | 10K 50K 10K 50K
0.01%o || 61.5 65.2 | 26.1 30.6 | 0.334 0.315 | 0.835 0.857 || 72.5 75.9 | 182 21.5 | 0.355 0.304 | 0.815 0.853
0.1%0 || 68.2 76.6 | 32.5 46.4 | 0.340 0.312 | 0.830 0.869 | 80.5 84.3 | 27.9 31.7 | 0.332 0.310 | 0.833 0.851
1%0 || 75.8 83.2 | 47.7 61.8 | 0.335 0.314 | 0.836 0.867 || 84.5 86.3 | 33.7 40.4 | 0.331 0.299 | 0.830 0.866
1% || 82.0 86.3 | 56.8 66.5 | 0.332 0.315 | 0.840 0.864 || 86.2 89.1 | 37.1 43.2 | 0.341 0.303 | 0.810 0.863
10% | 83.6 86.3 | 60.4 67.7| 0.338 0.315 | 0.832 0.860 | 86.9 87.9 | 39.6 43.4 | 0.336 0.294 | 0.824 0.884
100% || 84.1 86.7 | 60.8 (6.5 | 0.333 0.314 | 0.836 0.866 || 87.0 87.9 | 39.2 43.8 | 0.333 0.303 | 0.831 0.865

Table 5.4: Quantitative results of semantic surface reconstruction on 2D-3D-S [4] and
SceneNN [110]. For these two datasets, we evaluate the impact of two factors: 1)
the percentage of points with semantic labels (varying from 0.01% to 100%); 2). the
number of surface points (10K and 50K). The best results on different metrics are in
bold and the second best ones are underlined.

Tasks H Semantic Segmentation H Surface Reconstruction
Color w/o RGB w/ RGB w/o RGB w/ RGB
Metrics OA (%) mloU (%) OA (%) mloU (%) CD-L, FS-¢ CD-L, FS-6

Points | 10K 50K | 10K 50K | 10K 50K | 10K 50K | 10K 50K | 10K 50K | 10K 50K | 10K 50K
0.01%0 || 678 715 | 231 284 | 70.9 734 | 234 29.1 | 0.309 0.255 | 0.860 0.925 | 0.301 0.258 | 0.865 0.919
0.1% | 68.7 79.7 | 281 39.0 | 741 80.1 | 30.9 417 | 0.297 0.253 | 0.875 0.929 | 0.295 0.262 | 0.876 0.916
1% || 76.8 822 | 36.6 47.6 | 79.6 828 | 39.5 487 | 0.306 0.258 | 0.872 0.930 | 0.290 0.251 | 0.881 0.931
1% | 795 83.1 | 392 500 | 815 825 | 419 495 | 0302 0.260 | 0870 0917 | 0.284 0.268 | 0.894 0.917
10% | 794 832 | 401 50.8 | 81.8 83.8 | 427 50.7 | 0.303 0.266 | 0.869 0.922 | 0.296 0.248 | 0.875 0.935
100% | 79.6 83.5 | 41.1 50.1 | 81.6 84.3 | 44.0 51.1 | 0.298 0.264 | 0.876 0.912 | 0.294 0.261 | 0.876 0.917

Table 5.5: Quantitative results of semantic surface reconstruction on the ScanNet [58].
We evaluate the impact of three factors: 1) the percentage of points with semantic
labels (varying from 0.01% to 100%); 2) RGB information (w/o RGB and w/ RGB);
3). the number of surface points (10K and 50K). The best results on different metrics
are in bold and the second best ones are underlined.

Does the semantic branch degrade surface reconstruction?

In this group of experiments, we simultaneously train our range-aware unsigned
distance function and the surface-oriented semantic segmentation module with dif-
ferent amounts of semantic supervision signals. In particular, for each scene in the
datasets, we sample 10k on-surface points and 100k off-surface points to train both
branches in a fully-supervised fashion. For comparison, we train 5 additional groups
of models, giving randomly sampled semantic annotations during training, ranging
from 10%, 1%, 0.1%, 0.01%, to 0.001%. We report the detailed experimental results of
semantic surface reconstruction on the SceneNN [110], ScanNet [58] and 2D-3D-S [4]
datasets in Table 5.5 and Table 5.4. As shown in these two tables, we additionally
explore the impact of color and surface point density on the performance of surface
reconstruction and semantic segmentation. Figure 5.12 shows the quantitative results

of both surface reconstruction and semantic segmentation in the 6 different settings
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Figure 5.12: Quantitative results of both surface reconstruction and semantic seg-
mentation of our RangeUDF on the testing splits of three datasets giving different
amounts of semantic training points. For comparison, the results of reconstruction
only are also given at 0%.

Metric H mloU
ScanNet 2D-3D-S SceneNN
Recon. | w/o w/ w/o  w/ w/o w/

10% || 0.404 0.401 | 0.602 0.604 | 0.393 0.396
1% || 0.384 0.392 | 0.567 0.568 | 0.365 0.371
1%0 || 0.351 0.366 | 0.473 0.477 | 0.328 0.337
0.1%0 || 0.261 0.281 | 0.304 0.325 | 0.245 0.279
0.01%0 || 0.205 0.231 | 0.241 0.261 | 0.184 0.182

Table 5.6: Quantitative results of semantic segmentation of our RangeUDF in differ-
ent settings. Here, w/o and w/ denote that the framework is trained without and
with the reconstruction branch, respectively.

on three datasets, and Figure 5.13 shows the qualitative results training with only

0.1% of semantic labels. It can be seen that:

e The accuracy of surface reconstruction is consistently superior even though the
network is jointly trained with different amounts of semantic annotations. The
CD-L; scores on all datasets only fluctuates within a margin of 0.024, and the
FS-0 scores within a tiny range of 0.029. This shows that the high quality of

surface reconstruction is barely influenced by semantic segmentation.

e Given as few as 1% of full semantic annotations for training, the performance
of our semantic segmentation only decreases by less than 3% in mIOU scores
compared with the model trained with 100% annotations. This shows that our
surface-oriented semantic segmentation module is robust to sparse semantic

annotations.

Does surface reconstruction benefit the semantic branch?
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Figure 5.13: Qualitative results of our method for joint 3D surface reconstruction and
semantic segmentation on the validation split of ScanNet dataset.

In this group of experiments, we aim to investigate whether our high quality
surface reconstruction module can benefit the semantic branch. In particular, we
simply remove the unsigned distance branch and train our network in a semantic-
only mode (w/o Recon.) on three datasets. We then compare the semantic results
with the models jointly trained with surface reconstruction in Figure 5.12.

Table 5.6 compares the mIoU scores in different settings on three datasets. It can
be seen that the semantic segmentation results can be consistently higher when the
surface reconstruction branch is jointly optimized (w/ Recon mode), especially when
semantic annotations are scarce (e.g., < 1%) during training. We hypothesize that
the surface reconstruction module exhibits strong geometric priors such as continuity
in spatial regions, which aids the network to propagate sparse semantic information

to a wider context.

5.4.4 Ablation Study

We conduct ablation studies to evaluate our framework. All ablated networks are
evaluated on ScanNet [58] with 10k on-surface points and 100k off-surface points
using full semantic labels. Since ScanNet scenes are spatially large, the voxel-based
backbones of existing works such as NDF and ConvOcc are unable to be applied
without time-consuming sliding windows. Therefore, we opt out of ablation studies
on voxel-based backbones.

Firstly, because the range-aware neural interpolation and surface-oriented seman-
tic segmentation modules are the major components of our RangeUDF, we conduct

the following groups of ablation experiments.
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Settings | CD-Lq FS-6 mloU

w/o (¢ — px) in Eq. 5.2 0.324 0.856  0.407
w/ ¢ in Eq. 5.4 0.300 0.872 0.392
K=1 0.313 0.850 0.396
K=8 0.300 0.872 0.400
K=16 0.305 0.866 0.409
w/o uncertainty loss 0.301 0.868 0.399
RangeUDF (Full) 0.298 0.876 0.411

Table 5.7: Quantitative results of ablated networks in semantic 3D surface reconstruc-
tion. Note that the results of our full framework is different from Table 5.2 where the
network is only trained for reconstruction.

e We only remove the explicit range-aware term (¢ — py) in Eq. 5.2 to evaluate

the effectiveness of range information.

e We only add the position of the query point ¢ in our surface-oriented semantic
branch in Eq. 5.4.

e We choose different values for the hyperparameter K in the KNN query step to

verify its impact.

e We only remove the uncertainty loss introduced to automatically balance the

two branches.

From Table 5.7, we can see that: 1) once the range-aware term (g — py) is removed,
the reconstruction performance decreases around 8.72% and 2.28% in CD-L; and FS-
o scores, respectively. These changes show that adding this term, albeit technically
simple, is crucial in our method; 2) once we add the position information of query
point ¢ into the semantic branch, the mloU score drops 1.90% and the segmentation
performance becomes the lowest, demonstrating that it is more effective to adopt
our surface-oriented module; 3) given different choices of K with or without the
uncertainty loss, the performance fluctuates within a reasonable range, showing the
robustness of our framework overall.

Secondly, we evaluate the performance of semantic segmentation using the gen-
erated dense point clouds. We also calculate the results on ScanNet [58] using point
clouds (all vertices) directly from ground truth meshes, and we get a 40.8% mloU.
This is almost the same as our results in Section 5.5. (41.1% mlIoU). This shows that
using the generated point clouds to evaluate the performance of semantic segmenta-

tion in our context is more valid and meaningful.
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Lastly, in Section 5.3.2, we argue that optimizing the semantic segmentation
branch with on-surface points only would result in imbalanced and ineffective op-
timization between reconstruction and semantic segmentation branches. To verify
this, we modify the training strategy of our RangeUDF. In particular, we only use
on-surface points to optimize the semantic branch on the ScanNet [58] dataset. Given
the same generated dense point clouds, such a strategy achieves 39.1% mloU during
inference. In contrast, 41.1% mloU is reported when both on/off-surface points are

considered for semantic segmentation during training.

5.5 Conclusion

Our RangeUDF is simple yet powerful to jointly reconstruct accurate 3D scene sur-
faces and estimate semantics from sparse point clouds. However, one limitation is
the lack of object instance segmentation for our implicit representations. In addi-
tion, it is desirable to design a meshing strategy to extract accurate surfaces from the
predicted unsigned distances instead of using Marching Cubes to find the approxi-
mate surfaces. It is also interesting to explore unsupervised learning techniques to
automatically discover the surface semantics. We leave these problems for our future
exploration.

In this chapter, we propose RangeUDF, a simple and effective framework to
simultaneously learn the structure and semantics of continuous surfaces from 3D
point clouds. Our key components include a range-aware unsigned distance func-
tion which can estimate precise 3D structure without any surface ambiguity, and a
surface-oriented semantic segmentation branch which can effectively learn semantics
for implicit representations. Our RangeUDF demonstrates an unprecedented level
of fidelity in 3D surface reconstruction, and has a high potential to open up new

opportunities in this area.
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Chapter 6

Conclusion and Future Work

6.1 Summary of Key Contributions

This thesis aims to build vision systems that realize intelligent behavior of scene un-
derstanding by learning representations of the geometry and semantics from the 3D
physical world. Instead of learning compact and holistic scene representations in one
go, we approach such an extraordinary target via learning robust, unified and infor-
mative representations with geometric and semantic priors from visual localization,
pixel-point matching and semantic surface reconstruction tasks, respectively.

In Chapter 3, we learn representations that are robust to environmental changes
and sensory variance from 2D images. Robust representation learning relies on well-
understood geometric principles. It can be achieved by designing visual localization
algorithms that can handle various scenes with complex geometry and appearance
changes over time. To tackle this problem, existing techniques have considered using
multiple images as input to the network, with the premise being that the network
can learn to reject temporally inconsistent features across frames. In this chapter, we
propose an attention-based pose regression framework to recover camera pose. Un-
like previous methods, our proposed framework combines the features in the spatial
domain and does not require sequential (multiple) frames or geometry constraints de-
signed and enforced by humans. It works efficiently across both indoor and outdoor
scenarios and is simple and end-to-end trainable without requiring any hand-crafted
geometric loss functions. We provide detailed insights into how incorporating atten-
tion mechanisms allows the network to learn robust and invariant representations
from the geometry task of visual localization.

In Chapter 4, we find unified representations across images and point clouds, bridg-
ing the gap between 2D and 3D representations. In essence, 2D images are projections

of the 3D physical world, in which the visual observations of images and point clouds
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for an identity environment represent the same underlying geometry. Such knowledge
is the cornerstone of unified representations learning. This is inherently challenging
as 2D images capture scene appearance, whereas 3D point clouds encode structure.
To this end, we formulate a new task of direct 2D pixel and 3D point matching. Cor-
responding to this task, we propose a dual fully-convolutional framework, which is
able to simultaneously achieve feature description and detection between 2D and 3D
views. Furthermore, an ultra-wide reception mechanism and a novel loss function are
designed to mitigate the intrinsic information variations between pixel and point local
regions. Unlike existing methods in single 2D or 3D domain matching, our proposed
framework maps 2D and 3D inputs into a shared latent representation space. In this
way, unified representations that are aware of the same underlying geometry in both
images and point clouds can be distilled, allowing intelligent machines to work in a
pre-built 3D environment via only 2D inputs and vice-versa.

In Chapter 5, we develop informative representations that encode both continu-
ous geometric and semantic properties of an environment from 3D point clouds. The
purpose of representation learning is the learning of representations that can support
multiple applications, expecting informative representations that contain multi-modal
properties of an environment for efficient perception. In this chapter, we present a
simple end-to-end neural implicit function that can jointly estimate precise 3D surface
structures and semantics from raw and large-scale point clouds. Unlike occupancy
fields or signed distance fields which can only model closed 3D surfaces, our approach
is not restricted to any type of topology. Being different from the existing unsigned
distance fields, our framework does not suffer from any surface ambiguity. The key
to our approach is a range-aware unsigned distance function together with a surface-
oriented semantic segmentation module. With such two components, our method
is not restricted to any surface topology and can recover fine-grained geometry and
semantics regardless of the openness, sparsity and density of input point clouds. Our
approach demonstrates an unprecedented level of fidelity in informative representa-

tions and has a high potential to open up new opportunities in this area.

6.2 Limitations and Future Work

The work in this thesis has opened up a number of new directions for future work:
Recovering 3D Geometry from 2D Supervision. The proposed continuous

surface reconstruction in this thesis relies on ground truth 3D data for supervision.
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Although the 3D shape of individual objects can be satisfactorily segmented and re-
covered, it is still challenging to enable the machines to understand and reconstruct
3D scenes from images fully. One challenge is the lack of 3D ground truth, which re-
sults in the supervised learning strategy being inapplicable. Moreover, due to domain
gaps, the learnt representations tend to be fitted to specific 3D datasets and are un-
likely to generalize to completely unseen scenarios. Recently, implicit representations,
especially NeRF [184], have emerged as a promising tool to represent continuous 3D
geometries from only 2D supervision, verifying that the explicit multi-view geometry
consistency could provide valuable information to recover the 3D geometry.

3D Scene Geometry Decomposition and Manipulation. The proposed ap-
proaches in this thesis usually learn a singular representation for a scene. In many
cutting-edge applications such as mixed reality on mobile devices, users may desire
to manipulate objects in 3D scenes virtually. This would allow users to easily edit
real scenes at their fingertips and view objects from new perspectives. However, this
is particularly challenging as it involves 3D scene reconstruction, decomposition, ma-
nipulation, and photorealistic rendering in a single framework. A traditional pipeline
could firstly reconstruct explicit 3D structures such as point clouds or polygonal
meshes using SfM /SLAM techniques and then identify 3D objects followed by manual
editing. However, these explicit 3D representations inherently discretize continuous
surfaces, and changing the shapes often requires additional repair procedures such as
remeshing. In addition, such discretized and manipulated 3D structures can hardly
retain geometric details with appearance, resulting in the generated novel views being
unappealing. Given this, it is worthwhile to design a new pipeline which can recover
continuous 3D scene geometry and enable object decomposition and manipulation.

Lifelong Learning in Real-world Deployment. Most works discussed in this
thesis are typically trained and evaluated in closed-set conditions on top of the labeled
dataset, such as visual localization and semantic segmentation. However, intelligent
machines will confront ever-changing environmental factors and moving dynamics
when operating in uncontrolled real-world scenarios. This will require deep neural
networks to continuously and coherently learn and adapt to the changes in the world.
Moreover, new concepts and objects will appear unexpectedly, requiring an object
discovery and a new knowledge extension phase for intelligent machines.

In conclusion, this thesis develops a series of novel deep neural frameworks to
advance the field of machine learning of scene representations with geometry and
semantics, paving the way towards intelligent machines that autonomously learn to

understand the 3D physical world around them.
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