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Abstract

Augmented Reality (AR) technology integrates virtual objects with the real-world
scene and has been widely used in many applications. 3D point cloud registration
is one of the main processes to correctly align virtual 3D objects with real-world
scenes in AR. The higher quality of the underlying 3D point clouds with fewer
missing and noisy points, the more accurate the 3D point cloud registration.

The goal of this thesis is to develop algorithms, computational frameworks
and methods to improve the quality of 3D point clouds and in order to further
increase the accuracy of 3D point cloud registration for AR applications. To
achieve this goal, firstly, a computational framework is developed for recovering
dense and high-quality 3D point clouds from mono-endoscopic images captured by
mono-endoscopic sensors. This computational framework contains a monocular
depth learning network to generate the 3D point clouds from monocular images
and a 3D point cloud completion network to recover the missing data from the
generated 3D point clouds. The experimental results show that this computational
framework can generate dense 3D point clouds of real endoscopic images and
recover high-quality 3D point clouds from incomplete point clouds with 60%
missing points. Secondly, in order to improve the quality of 3D point clouds from
real-world objects, a learning-based neural network (TreeNet) has been proposed.
The experimental results show that TreeNet outperforms five state-of-the-art
learning-based methods and also shows good generalization on unknown data.
TreeNet is also evaluated in the proposed computational framework for endoscopic
scenes as an application, which proves the effectiveness of TreeNet for medical data.
Thirdly, in order to improve the accuracy of rigid 3D point cloud registration,
an unsupervised learning-based network (Iterative BTreeNet) has been proposed.
Iterative BTreeNet has been compared with three traditional and six state-of-the-
art learning-based methods and outperforms these methods on partial and noisy
point clouds without training them. Iterative BTreeNet also exhibits remarkable



generalization to unseen large and dense scenes that are never trained. Finally, a
learning-based network (Deform3DNet) has been proposed for non-rigid 3D point
cloud registration. Deform3DNet shows how deep learning is used successfully in
solving the non-rigid registration and correspondence challenges end-to-end with
non-rigid 3D point clouds. The experimental results demonstrate improvement
in the quality of the non-rigid registration and correspondence by comparing
Deform3DNet with seven state-of-the-art non-rigid 3D point cloud registration
and correspondence methods across large deformations, partiality and topological
noise.
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Chapter 1

Introduction

1.1 Background

Augmented Reality (AR) technology combines the real world with virtual in-

formation to enhance the human perception of the world. AR has been widely

used in many applications, for example, education [2] [3], minimally invasive

surgery [4] [5] [6], robot path planning [7] [8] and digital games [9] [10] [11].

Azuma [12] de�nes AR as systems that have three characteristics, including a

combination of virtual objects and real 3D scenes, interactive in real-time and 3D

registration. AR should register or correct the alignment of the virtual 3D objects

with real 3D scenes [13] [14] [15]. Therefore, a real-world 3D scene is required

and needed to be aligned with the virtual 3D object for more accurate augmented

information in the AR system. The higher the quality of the underlying real-world

3D data is, the more accurate the AR system becomes.

3D data, captured by various sensor technologies, such as LiDAR sensors,

RGB-D scanners and depth cameras, are usually formed as raw 3D point clouds.

The higher the quality of the underlying real-world 3D point cloud scene is, the

more accurate the AR system becomes [4]. However, one of the limitations of

these sensors is that the captured 3D point clouds su�er from large missing data

due to complicated occlusions, unreliable measurements, limited viewing angles

and the resolution of various sensors in dealing with texture-less regions (e.g.

water, glasses, sky, surfaces of human organs).

3D point clouds can be also reconstructed from depth estimation algorithms

that generate 3D depth information from images. Traditional depth estima-
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tion algorithms, block matching method3 (BM) and semi-global block matching

(SGBM) [16], use stereo image pairs as input to search for matched pixels in stereo

pairs, which results in lower-quality of 3D point clouds. The structure for motion

(SFM) systems estimate detailed depth maps and produce dense points [17], which

rely on powerful commodity GPU processors for real-time performance and stereo

visions. Recent advances in supervised monocular depth estimation predict the

depth from a single image [18] [19], which requires ground truth depth. State-of-

the-art unsupervised learning-based methods explore easier-to-obtain binocular

stereo footage without the need for ground truth depth [20] [21]. However, the

major limitations of these methods are the occlusions of objects, the change

of brightness of texture-less surfaces, and the surface smoothness for feature

extractions.

To deal with the limitations of various sensors and depth estimation algorithms

and achieve high-quality 3D point clouds, generating a complete 3D point cloud

(i.e. 3D point cloud completion) from a captured or reconstructed incomplete

point cloud is an essential task for a wide range of 3D vision applications from AR

system [4] [22] and robotics [23] [7] to navigation and scene understanding [24] [8],

to minimally invasive surgery [25]. In this thesis, a novel computational framework

for recovering dense and high-quality 3D point clouds from single monocular

endoscopic images in minimally invasive surgery is �rst proposed. The proposed

computational framework combines two main modules. One is for monocular

depth estimation, and the other is for 3D point cloud completion. The depth

estimation module generates depth information from monocular images captured

by an endoscope during minimally invasive surgery. The depth maps are then

reconstructed into 3D point clouds. The 3D point cloud completion module repairs

defects of 3D point clouds. By using this framework, �ve large medicalin-vivo

databases of 3D point clouds are generated from public Laparoscopic/Endoscopic

video datasets [26] [27], and two synthetic 3D medical datasets are also created.

These datasets are made publicly available for researchers. This framework is

the �rst attempt of its kind applied to 3D point cloud completion in endoscopic

scenes during minimally invasive surgery.

3D point cloud completion refers to the process that repairs the �ow of the

3D data by �lling holes and incomplete parts of 3D point clouds. Research on

3https://opencv.org
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3D point cloud completion can be categorized into three classes of approaches

including geometry-based, data-driven based and learning-based methods.

Geometry-based approaches [28] [29] [30] [31] complete 3D shapes by using the

symmetric information from the partial input. Data-driven-based methods [32] [33]

retrieve suitable example patches or parts from the shape databases and warp the

retrieved models to conform with the partial input data. The major drawbacks

of geometry-based and data-driven-based methods are: (i) Not all objects are

symmetric and the partial object might not show symmetric features; (ii) Data-

driven-based methods are time-consuming and rely on the assumption that the

database must include a very similar shape.

Previous learning-based methods for 3D point cloud completion [34] [35] [36]

convert 3D datasets into structured 3D voxel grids and use voxelized representa-

tions for network training, which consumes high computer memories and reduces

output qualities. After the �rst learning-based 3D point cloud processing network

PointNet [1] has been proposed, the �rst neural network for 3D point cloud

completion [37] is proposed based on the PointNet [1] for a single class (e.g.

car objects). Recent state-of-the-art learning-based methods, FoldingNet [38],

PCN [39], TopNet [40] and Disp3d [41], propose the PointNet-based [1] encoder

and their own decoders to regenerate the entire 3D point cloud from real-world

partial 3D point clouds (i.e. cars, tables, chairs and etc.). PMPNet [42] translates

each point in the partial input to the missing areas instead of directly regenerating

the complete 3D point clouds. However, there are two shared problems with these

methods. (i) These methods are sensitive to the geometric forms and shapes of

training datasets of 3D point clouds. Therefore, they cannot handle multi-classes

e�ectively, even a single class that contains mostly di�erent shapes. Training a

class-invariant model with multiple classes of training datasets is di�cult with

these methods. When the number of classes increases in the training dataset,

these methods produce low-quality 3D point cloud outputs that lack structural

and spatial details, such as sharp edges and topology changes; (ii) These methods

lose original structural and spatial details in the �nal output due to the fact that

they regenerate the entire 3D point cloud and do not separate the reconstructed

partial input from the missing points in the �nal output.

Based on the two problems of these state-of-the-art learning-based methods

for 3D point cloud completion, in this thesis, a novel deep learning-based network
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by devising hierarchical tree-based decoders is proposed to build a learning-based

network-TreeNet for solving the two problems. TreeNet combines two sub-networks.

One (TreeNet-multiclass) is for multi-class training and the other (TreeNet-binary)

is for missing points generation with original structure-preserving. More speci�-

cally, TreeNet-multiclass assigns each class of a 3D point cloud completion task

to a speci�c sub-tree of the root node in the tree. TreeNet-binary splits features

of the root node in the tree to a binary tree structure where the left leaf node

reconstructs the partial input and the right leaf node generates points in missing

areas. Following FoldingNet [38], PCN [39], TopNet [40] and Disp3d [41], the

TreeNet is still trained and tested on real-world 3D objects (i.e. cars, tables, chairs

and etc.). In addition, the proposed TreeNet is also evaluated in the proposed

computational framework in endoscopic scenes as an additional application. The

TreeNet focuses on generating the missing areas of the partial endoscopic 3D

point clouds, whereas the state-of-the-art learning-based methods, FoldingNet [38],

PCN [39], TopNet [40] and Disp3d [41], lose original structural and spatial details

in the �nal output by regenerating the entire 3D point cloud and do not separate

the reconstructed partial input from the missing points in the �nal output, which

is unacceptable during the minimally invasive surgery.

3D point cloud registration refers to estimating matching rotations and trans-

lations for rigid and non-rigid 3D point clouds. For rigid 3D point clouds (i.e.

computer, table and chair) registration, a transformation matrix (rotation and

translation) is estimated and applied to all points in one 3D point cloud to align

with the other. For non-rigid 3D point clouds (i.e. human, cat and dog) registra-

tion, each point in one 3D point cloud needs to be transformed by an independent

transformation matrix to align to its corresponding point in the other.

Traditional rigid 3D point cloud registration methods, Iterative Closest Point

(ICP) [ 43], Normal Distribution Transformation (NDT) [ 44] and Coherent Point

Drift (CPD) [ 45], consider rigid 3D registration as an optimization problem.

However, the major drawbacks of these methods are that they are sensitive to

the initialization of 3D point clouds and can be computationally expensive and

time-consuming.

Recent emerged state-of-the-art learning-based approaches for rigid 3D point

cloud registration, PointNetLK [46], Deep Closest Point (DCP) [47], Robust

Point Matching (RPM) [ 48], Robust Graph Matching (RGM) [49], Feature-metric
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Registration (FMR) [50] and Deep Gaussian Mixture Registration (DeepGMR) [51],

propose the PointNet-based [1] encoders and their own decoders to estimate the

transformation matrix to align one 3D point cloud to the other. However, the state-

of-the-art learning-based methods [46] [47] [48] [50] [51] [49] have four drawbacks.

(i) These methods learn the rotation and translation features together and generate

the rotation and the translation in one matrix. As a result, the learning of rotation

features and translation features interfere with each other, which leads to lower

precision of registration results. (ii) PointNetLK [46], DCP [47], RPM [48],

DeepGMR [51] and RGM [49] need ground-truth transformation matrix or point-

to-point correspondences to supervise the training process. (iii) PointNetLK [46],

DCP [47], RPM [48], DeepGMR [51] and RGM [49] su�er on partial 3D point

clouds without training in this scenario, which shows the poor generalization

ability of these networks. (iv) PointNetLK [46], DCP [47], RPM [48], FMR [50]

and RGM [49] often perform poorly in dealing with large and dense scenes and

shapes that are not trained, resulting in misalignment between two 3D point

clouds.

Based on the four drawbacks of these state-of-the-art learning-based methods

for rigid 3D point cloud registration, in this thesis, a novel unsupervised deep

learning-based network - Iterative Binary Tree Network (IBTreeNet) is proposed to

improve the registration accuracy for large and dense 3D point clouds. IBTreeNet

avoids the interference between the feature extraction of rotation and translation

and does not need the ground-truth transformation matrix as supervision. IB-

TreeNet learns features for the rotation separately from the translation and avoids

the interference between the estimations of rotation and translation in one single

matrix and iteratively improves the registration accuracy for large and dense 3D

point clouds. The registration results of the IBTreeNet have been compared with

three traditional methods and six state-of-the-art learning-based methods. The

comparison experiments are evaluated on testing datasets, including clear data,

partially visible data, data with Gaussian noise and data with large rotations.

Most importantly, the comparison experiments are also tested on large and dense

unseen scenes and shapes that are not trained to evaluate the generalization and

robustness of each method. IBTreeNet outperforms state-of-the-art learning-based

and traditional methods on partial and noisy point clouds without training them
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in such scenarios and exhibits remarkable generalization and robustness to unseen

large and dense scenes that are never trained.

Non-rigid 3D point clouds registration is a fundamental challenge in computer

vision and computer graphics, with applications in shape analysis [52] [53] deforma-

tion transfer [54], 3D reconstruction [25] [55] [56], and 3D object tracking [57, 58].

Although previous non-learning based methods [59] [45] [60] have addressed non-

rigid 3D point clouds registration, there are several shared problems: (i) These

methods heavily rely on the initial poses; (ii) The transformation of the points is

constrained by the adjacent points. As a result, these methods cannot �nd the

optimal alignment for 3D point clouds with large and multiple deformations; (iii)

These methods can be computationally expensive and time-consuming.

Without taking into account 3D point cloud registration, many state-of-the-

art methods [61] [62] [63] [64] [65] have been proposed to �nd correspondence

between non-rigid 3D shapes, which are both non-learning and learning-based

approaches. Non-learning-based methods ZoomOut [61] and Fast Sinkhorn Fil-

ter [62] focus on structured 3D meshes instead of unstructured 3D point clouds

and use functional maps to estimate the point-wise correspondences. However,

Non-learning based methods are time-consuming and limited when handling large

and multiple deformations between 3D shapes. Learning-based methods FM-

Net [63] and SURFMNet [64] are also based on functional maps [66] that require

pre-computed feature descriptors of 3D meshes (i.e. SHOT descriptor [67]) as the

input of neural networks and apply ground-truth geodesic distances as supervision.

CorrNet3D [65] is the �rst deep neural network that takes raw 3D point clouds as

input and considers the learning of correspondence between 3D point clouds as the

deformation-like 3D reconstruction. However, there are two major drawbacks to

these methods: (i) These methods are limited when handling large and multiple

deformations between 3D shapes; (ii) These methods do not provide non-rigid 3D

point cloud registration after �nding the point-wise correspondences.

To achieve high-performance non-rigid 3D point cloud registration, for the

�rst time, an end-to-end deep learning-based network (Deform3DNet) is proposed

for non-rigid 3D point cloud registration. In Deform3DNet, a point-to-point

transformation module is proposed, which appliesas rigid as possiblefor the

non-rigid transformation to generate a transformation matrix for each point in

a point-to-point transformation layer. A non-rigid registration loss is proposed,
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which is di�erentiable and minimizes the Frobenius norm between the transformed

3D point cloud and the target. A novel structure-preserving loss is proposed by

maximizing the similarity of grouped points between the transformed and the

target 3D point clouds, keeping the internal structure in the transformed 3D point

cloud.

1.2 Hypothesis and Research Question

This thesis hypothesizes that a more accurate AR system can be obtained from

the improved 3D point cloud registration. This thesis also hypothesizes that

generating high-quality 3D point clouds by recovering missing data can improve

the 3D point cloud registration accuracy and further improve the quality of AR

systems. Therefore, the research questions for this thesis are (i) What factors

have in�uenced the 3D point cloud registration accuracy in the state-of-the-art

algorithms, and how to deal with it and achieve more accurate 3D point cloud

registration? (ii) How can high-quality and complete 3D point clouds be generated

from partial observations and how can the 3D point cloud completion algorithm

focus on missing points generation? (iii) How can 3D point cloud completion and

registration algorithms be applied for improving the accuracy of AR systems?

1.3 Research Contributions

This thesis develops a computational framework, deep learning-based neural

networks for 3D point cloud completion, rigid 3D point cloud registration and

non-rigid deformable 3D point cloud registration. The AR applications are �nally

developed based on the proposed completion and registration networks to achieve

accurate 3D point cloud registration.

More speci�cally, the main contributions of this thesis are:

ˆ Recovering Dense 3D Point Clouds from Single Endoscopic Image

(Chapter 3)

A novel computational framework is proposed to recover high-quality 3D

point clouds from single endoscopic images by combining two deep-learning

neural networks. One is for monocular depth learning, and the other is
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for 3D point cloud completion. Five large medicalin-vivo databases of

3D point clouds are generated from public Laparoscopic/Endoscopic video

datasets [26] [27], and two synthetic 3D medical datasets are also created.

3D point clouds are extracted from every frame of the video datasets. The

datasets are publicly available at1.

ˆ TreeNet: Structural Preserving for Multi-class 3D Point Cloud

Completion (Chapter 4)

A novel TreeNet-multiclass decoder is proposed for multi-class 3D point cloud

completion. The model is evaluated on 50 classes of training datasets(i.e.

cars, tables, chairs and etc.), whereas the majority of the state-of-the-art

methods only use 8 classes. A novel TreeNet-binary decoder is proposed,

which focuses on generating points in missing areas and fully preserving the

original partial input 3D point cloud. A novel TreeNet decoder is proposed,

which combines the advantages of the TreeNet-multiclass and the TreeNet-

binary for 3D point cloud completion. Three novel forward and backward

propagation methods are proposed to train TreeNet-multiclass, TreeNet-

binary and TreeNet decoders, respectively. TreeNet-multiclass, TreeNet-

binary and TreeNet exhibit strong generalization to unknown classes that

are never trained. In addition, the proposed TreeNet is also evaluated in the

proposed computational framework in endoscopic scenes as an additional

application. Experimental results prove the e�ectiveness of the TreeNet on

endoscopic scenes in minimally invasive surgery.

ˆ Iterative BTreeNet: Unsupervised Learning for Large and Dense

3D Point Cloud Registration (Chapter 5)

A BTreeNet with a novel forward propagation based on the hierarchical

binary tree is proposed to align two 3D point clouds, which learns features

for the rotation separately from the translation and estimates the rotation

matrix separately from the translation matrix. A novel Iterative BTreeNet

(IBTreeNet) is proposed to continuously improve the registration accuracy,

which iteratively rotates and translates the source 3D point cloud to the

target. The Chamfer Distance and the Earth Mover's Distance are adopted

1The datasets are publicly available to researchers athttps://github.com/LONG-XI/
Endoscopic-3D-Point-Clouds-Datasets/
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as the loss function for unsupervised learning of 3D point cloud registration.

BTreeNet and IBTreeNet are tolerant to partial overlap, noise and large

scenes without training them in such scenarios. Iterative BTreeNet also

exhibits remarkable generalization to di�erent unseen large and dense scenes

that are never trained.

ˆ Deform3DNet: A Uni�ed Deep Learning Network for Non-rigid

Deformable 3D Point Cloud Registration and Correspondence

(Chapter 6)

An end-to-end learning-based network for non-rigid 3D point cloud registra-

tion is proposed, which also leads to �nding the point-to-point correspon-

dence. A novel non-rigid registration loss for deformable 3D point clouds and

a novel structure preserve loss to keep the internal structure for transformed

3D point clouds. Experimental results illustrate the signi�cant improvement

of the Deform3DNet over the state-of-the-art methods on large and multiple

deformations, non-rigid partiality and topological noise (Gaussian noise).

ˆ Augmented Reality Application (Chapter 7)

The proposed neural networks for 3D point cloud completion and registration

are applied to achieve stable and accurate 3D point cloud registration in

AR applications. Experimental results illustrate the e�ectiveness of the

proposed completion and registration networks for increasing the accuracy

of registration between virtual 3D objects and real-world scenes.

1.4 Thesis Outline

ˆ Chapter 1 introduces the research background of AR, 3D point cloud com-

pletion and registration, the hypothesis of this thesis, the main contributions,

the thesis outline and the list of publications.

ˆ Chapter 2 reviews related works related to 3D point cloud completion,

rigid 3D point cloud registration and non-rigid 3D point cloud registration

and correspondence.

ˆ Chapter 3 introduces the proposed computational framework by recovering

high-quality 3D endoscopic point clouds from single endoscopic images. The
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3D point cloud completion algorithm in this framework regenerates the

whole 3D point cloud, which destroys the original partial 3D point cloud

in the �nal output and is not acceptable for medical scenes. Therefore, in

Chapter 4, a novel algorithm has been proposed for generating points only

in missing areas.

ˆ Chapter 4 introduces the proposed TreeNet-binary, TreeNet-multiclass and

TreeNet for 3D point cloud completion. TreeNet-binary focuses on missing

points generation and TreeNet-multiclass is for multi-class training. TreeNet

combines the advantages of TreeNet-binary and TreeNet-multiclass.

ˆ Chapter 5 deals with two shared problems of the state-of-the-art 3D point

cloud registration methods and introduces the proposed BTreeNet and

IBTreeNet for more accurate rigid 3D point cloud registration.

ˆ Chapter 6 introduces the proposed Deform3DNet for non-rigid deformable

3D point cloud registration and correspondence.

ˆ Chapter 7 presents the AR experiments, illustrating how the proposed 3D

point cloud completion and registration algorithms improve the accuracy of

AR systems.

ˆ Chapter 8 concludes the thesis and discusses future research directions.
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Chapter 2

Related Works

This chapter reviews traditional and state-of-the-art approaches for

3D completion, rigid 3D point cloud registration and non-rigid 3D

point cloud registration and correspondence. 3D completion contains

3D mesh completion, volumetric 3D completion and 3D point cloud

completion, aiming to generate high-quality and complete 3D data

from partial observations. 3D point clouds are the raw 3D data

captured by various 3D sensors, such as LiDAR sensors, RGB-D

scanners and depth cameras. Therefore, this thesis focuses on 3D

point cloud completion. Rigid 3D point cloud registration �nds the

best matching transformation matrix to align one 3D point cloud to

the other. Non-rigid 3D point cloud registration and correspondence

�nd point-to-point correspondences and align them between two

non-rigid and deformable 3D point clouds.

2.1 3D Completion

Research on 3D completion can be categorized into three classes of

approaches: geometry-based, data-driven based and learning-based

methods.
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Geometry-based approaches complete 3D meshes by using ge-

ometric cues from the partial input. Thrun et al. [28] propose a

symmetry-searching algorithm to identify probable symmetries and

apply the symmetry information to extend the partial 3D shape.

Podolak et al. [29] describe a planar re�ective symmetry transform

(PRST) algorithm that captures all possible symmetry planes, and

then �nds the greater symmetries among them. Several extensions of

symmetries detecting algorithms [30] [31] have been proposed. They

extract several partial symmetries of the 3D mesh object. However,

not all objects are symmetric and the partial object might not show

symmetric features.

Data-driven based method [32] for 3D mesh completion retrieves

suitable example patches or parts from the shape databases and

warps the retrieved models to conform with the partial input data.

In this method, the proposed non-rigid alignment algorithm aligns

the retrieved model with the input data. In addition, Sung et al. [33]

have combined the symmetry-based method and the data-driven-

based method together for improving the performance of 3D shape

completion. However, this technique is time-consuming and relies on

the assumption that the database must include a very similar shape.

This thesis focuses on learning-based methods that can be further

categorized according to the forms of the input (i.e. 3D voxel grids

or 3D point clouds).

2.1.1 Volumetric 3D Completion

Currently, one major promising progress for the 3D completion task

is utilizing 3D learning-based neural networks that are successful at
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Fig. 2.1 One of the structures of deep learning methods for 3D point cloud
completion.

learning 3D data representations and features automatically, reduc-

ing the incompleteness caused by designing features manually. 3D

learning-based architecture largely depends on the representation of

the 3D data, such as volumetric voxel grids or 3D point clouds. Since

convolutional neural networks can process structured and ordered 3D

datasets more e�ectively than unstructured datasets, most previous

3D learning-based methods [34] [35] [36] used voxelized representa-

tions for 3D shape completions. However, voxelization causes high

computational cost when the resolution increases dramatically, and

low-resolution results in low-quality output [68] [69].

2.1.2 3D Point Cloud Completion

Figures 2.1 and 2.2 show the structures of deep learning methods

for the 3D point cloud completion task with two di�erent training

strategies. Training with the complete 3D point clouds [37] [25], as
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Fig. 2.2 One of the structures of deep learning methods for 3D point cloud
completion.

Fig. 2.3 Illustration of PointNet [1] feature extraction encoder. Four layers are
illustrated and displayed. The arrows lead to how the features are extracted from
a point. Every point has the same operation for feature extraction.
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shown in Figure 2.1, aims to extract 3D point cloud representations

that can be further used for generating the complete 3D point cloud

from the partial input during the testing. Training with the partial

3D point clouds [40] [38] [39] [42] [41], as shown in Figure 2.2, aims

to �nd the global features that correlate partial 3D point clouds with

their corresponding complete 3D point clouds using a neural network.

The encoders in state-of-the-art methods [25] [37] [40] [38] [39] are

based on PointNet [1], and they also propose their own decoders for

3D point cloud completion task.

PointNet [1] is the �rst deep neural network that applies raw

3D point cloud for 3D point cloud processing without voxelization.

The basic idea of PointNet [1] is to learn a spatial encoding of each

point and then aggregate all individual point features to the global

features of a 3D point cloud, as shown in Figure 2.3. Speci�cally,

PointNet applies a 1D convolution, a batch norm (BN) and a ReLU

as a group for a feature extraction module. The 1D convolution,

de�ned in Equation 2.1, aims to generate point features individually.

After several feature extraction modules, a max pooling layer is

used to generate the global features of a 3D point cloud. Because,

max pooling is a symmetric function, which aims to generate global

features that are invariant to any permutation of a 3D point cloud.

PointNet [1] has been proven to be useful for tasks including 3D point

cloud classi�cation [1] [70] [71] [72], object recognition [73] [74], object

detection [75] [76], object segmentation [1] [70] [77] [78] [79], object

reconstruction [80] [81], completion [25] [37] [40] [38] [39] [42] [41]

and registration [82] [46] [47] [48] [50] [51] [49].
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Conv1D =
BX

i=1

NX

j =1
Kernal � input ij (2.1)

where � is the dot product operation, i indicates the ith data or

features in a batchB, j indicates thejth row of data or features,N

indicates there areN points in a 3D point cloud, Kernal is the 1D

convolution kernel as shown in Figure 2.3. The size of one sliding

window for a Kernal is identical to the size of each row of a 3D

point cloud or a feature matrix from the previous layer, and the

number of sliding windows is identical to the size of each row of a

feature matrix in the next layer.

Achlioptas et al. [37] introduce an Auto Encoder [83] and a

Generative Adversarial Net (GAN) [84] to learn 3D point cloud

representations by focusing on a single class of 3D point cloud

completion task. FoldingNet [38] proposes a folding operation in the

decoder that deforms a 2D grid into a 3D point cloud and evaluates

the di�erent layers of the folding operations to tune the model.

Point Cloud Network (PCN) [39] evaluates the di�erent number

of PointNet layers and fully connected layers in the encoder and

decoder to achieve the best performance. PCN also uses a folding

operation to generate higher-resolution 3D point clouds from the

coarse 3D point clouds in the �nal stage of the decoder. TopNet [40]

�rst evaluates the encoders in PointNet [1], PointNet++ [ 70] and

PCN [39] and �nally chooses the encoder from PCN [39]. TopNet [40]

then proposes a decoder following tree structure and evaluates the

number of 1D convolution layers with di�erent feature sizes in the

decoder to achieve the highest accuracy in the 8 classes of datasets.
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Speci�cally, the root node in TopNet [40] is the global feature of the

input data. The output of each leaf node representsa single point

in a 3D point cloud, and all leaf nodes consist of a complete 3D

point cloud. Therefore, features of a partial input in the tree root

pass through all nodes to regenerate an entire 3D point cloud. The

architecture of the TopNet [40] is not designed for multi-class 3D

point cloud completion, and it loses the structural and spatial details

of partial inputs. PMPNet [42] applies PointNet++ [ 70] encoder

and generates translation matrices for each point in the partial input

in the decoder, which translates the incomplete input to the nearest

occluded regions. PMPNet [42] also analyses the di�erent recurrent

units and the di�erent searching radii in the proposed recurrent path

aggregation module to tune the decoder. Disp3d [41] proposes a

down-sampling operation, a neighbour pooling and an up-sampling

operation to regenerate the complete 3D point clouds.

2.2 Rigid 3D Point Cloud Registration

Research on rigid 3D point cloud registration can be categorized

into two classes of approaches: traditional or deep learning-based

methods. Traditional rigid 3D point cloud registration methods

consider the registration an optimization problem, applying the least

square regression or maximizing the likelihood of a probability density

function. Deep learning-based methods are successful at learning

rigid 3D point cloud representations and features by estimating the

rigid transformation in the alignment. This thesis focuses on deep

learning-based methods for rigid 3D point cloud registration.
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2.2.1 Traditional Rigid 3D Point Cloud Registration Meth-

ods

Iterative closest point (ICP) [43] and its variants [85] [86] are well-

known traditional methods for rigid 3D point cloud registration by

�nding point cloud correspondences and solving a least-squares prob-

lem to update the alignment. Normal Distribution Transformation

(NDT) [ 44] uses the statistical models of 3D point clouds in the

alignment. The key element in NDT [44] is its representation of the

3D point clouds. Instead of using each individual point in the 3D

point cloud, NDT [44] converts the 3D point clouds into voxel grids.

The grids are represented by a combination of normal distributions,

describing the probability of �nding a point at a certain position.

NDT [44] uses the representation of normal distributions to apply

standard numerical optimization methods for registration. Coherent

Point Drift (CPD) [ 45] considers the alignment of two 3D point

clouds a probability density estimation problem, where one 3D point

cloud represents the Gaussian Mixture Model (GMM) centroids that

need to align the other 3D point cloud. CPD [45] moves the GMM

centroids coherently as a group to the other 3D point cloud by max-

imizing the likelihood. However, ICP-based methods [43] [85] [86],

NDT [44] and CPD [45] are time-consuming and prone to local

minima when two 3D point clouds whose initial positions are far

from aligned.

Discriminative Optimization (DO) [ 87] and its variant Reweighted

Discriminative Optimization [88] are the supervised sequential up-

date methods that learn the update steps for solving the least-

squares problem to obtain the transformation matrix. The learning

19



Fig. 2.4 The structure of deep learning methods for rigid 3D point cloud registra-
tion.

processes of optimization methods [87] [88] focus on the sequence

of update maps for each individual 3D point cloud and need to

be retrained on each individual data, whereas deep learning-based

methods [46] [47] [48] [50] [51] [49] learn the generalized features

from a large 3D point cloud dataset, and the trained features can

be used to unseen 3D point clouds that are not trained.

2.2.2 Deep Learning-based Methods on Rigid 3D Point

Cloud Registration

Figure 2.4 shows the structure of deep learning methods for rigid

3D point cloud registration. A shared encoder is used to extract

the global features of 3D point cloud pairs. The decoder aims to

generate a transformation matrix (i.e. rotation and translation) that

is transformed from one 3D point cloud to the other.

Recently proposed PointNetLK [46] is a pioneer in the task of

rigid 3D point cloud registration. PointNetLK [ 46] combines a
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deep learning method PointNet [1] as an encoder and a traditional

registration method Lucas-Kanade algorithm [89] at the end of the

decoder to achieve features automatically and minimize the distances

between the global feature descriptors in the alignment. DCP [47]

utilizes DGCNN [72] and an attention module [90] to extract features

of two 3D point clouds and replaces the Lucas-Kanade [89] algorithm

in PointNetLK [ 46] with a proposed di�erentiable Singular Value

Decomposition (SVD) module to reduce feature dimension. The

SVD module in DCP [47] estimates a transformation matrix with

the size of 7, where the �rst three output values represent the

translation matrix and the last four values represent the rotation

quaternion. RPM [48] uses raw 3D point clouds and normals as input

for the DGCNN-based [72] feature extraction module to estimate

point correspondences between two 3D point clouds. Similarly to

DCP [47], the weighted SVD module at the end of the network

estimates a transformation matrix with the size of 7 from the point

correspondences. RGM [49] transforms 3D point clouds into graphs

and learns point and graph features via a graph feature extractor

to calculate the point correspondences. Similarly to DCP [47] and

RPM [48], the transformation matrix in RGM [49] is also estimated

from a di�erentiable SVD. FMR [50] uses the chamfer distance [91]

as a loss function for unsupervised learning and proposes a feature-

metric projection error as a decoder for updating the transformation

parameters during each iteration. DeepGMR [51] proposes a network

that extracts pose-invariant correspondences between 3D point clouds

and Gaussian Mixture Model (GMM) parameters. Two di�erentiable

compute blocks are proposed in the decoder of DeepGMR [51] to

recover the optimal transformation from matched GMM parameters,

21



which achieves favourable performance on 3D point clouds with point-

to-point correspondences and large transformations, respectively.

However, these state-of-the-art learning-based methods [46] [47] [48]

[50] [51] [49] learn the rotation and translation features together and

generate the rotation and the translation in one matrix. As a result,

the learning of rotation features and translation features interfere

with each other, which leads to lower precision of registration results.

Moreover, these methods use the ground-truth transformation or

point correspondence matrix as supervision. This thesis avoids the

interference between the feature extraction of rotation and transla-

tion and does not need the ground-truth transformation matrix for

supervision.

2.3 Non-rigid 3D Point Cloud Registration and

Correspondence

Traditional non-rigid 3D point cloud registration methods [92] [93] [59]

[45] [60] consider the non-rigid registration an optimization problem.

The state-of-the-art learning-based methods [63] [64] [65] �nd point-

wise correspondences between non-rigid deformable 3D point clouds,

but do not consider the non-rigid 3D point cloud registration. The

state-of-the-art learning-based methods [46] [47] [48] [50] [51] [49] for

rigid 3D point cloud registration generates a transformation matrix

for a whole 3D point cloud, which cannot be used for non-rigid 3D

point cloud registration.
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2.3.1 Non-rigid 3D Point Cloud Registration

Earlier approaches [92] [93] on non-rigid point cloud registration

have used Thin Plate Spline (TPS) [94] to handle deformation

and deterministic annealing for soft-assignment. TPS parameters

estimation solves a maximum likelihood estimation problem to �nd

the optimal controlling points and displacement vector for warping

the point set. These methods have been applied to 2D point clouds

with a small number of points.

Non-rigid Iterative Closest Point (Non-rigid ICP) [59] extends

Iterative Closest Point (ICP) [95] method to compute non-rigid

deformations. While retaining the convergence properties of ICP,

Non-rigid ICP uses a locally a�ne regularisation that assigns an

a�ne transformation to each point, minimising the di�erence of

transformation matrices between the adjacent points. Least-squares

problem is solved to update the alignment for the Non-rigid ICP.

However, Non-rigid ICP can not deal with large and multiple defor-

mations and heavily relies on the initial poses of the two non-rigid

3D point clouds for registration.

Coherent Point Drift (CPD) algorithm [ 45] uses a probabilistic

method for both rigid and non-rigid 3D point cloud registration.

CPD treats the alignment of two 3D point clouds as a probability

density estimation problem. For non-rigid 3D point cloud registra-

tion, the CPD de�nes the transformation as the initial position plus a

displacement functionv. It uses the motion coherence theory [96] [97]

to enforce the smoothness forv between the point clouds. The CPD

�nds the functional form of v using the calculus of variation and

solves the minimization problem of the negative log-likelihood.
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Whereas Bayesian Coherent Point Drift (BCPD) [60] formulates

CPD in a Bayesian setting for both rigid and non-rigid 3D point cloud

registration, BCPD replaces the motion coherence theory [96] [97]

with Bayesian inference. The major di�erence between BCPD and

CPD is that BCPD de�nes motion coherence using a prior distribu-

tion instead of the regularization term. Both CPD and BCPD are

time-consuming, prohibiting 3D point clouds with large and multiple

deformations.

2.3.2 Non-rigid 3D Shape and 3D Point Clouds Corre-

spondence

Non-rigid 3D shape correspondence deals with structured data such

as 3D meshes and �nds the point-wise correspondence between

deformable 3D shapes. Finding 3D shape correspondences can

be done without 3D registration. Below, the state-of-the-art non-

learning [61] [62] and learning [63] [64] [65] based shape correspon-

dence methods are reviewed.

Functional maps (FM) [66] are used for 3D shape correspon-

dence [98] [99], which performs spectral analysis on 3D meshes to

construct a functional map and solve a least-squares problem to con-

vert the functional map to point-wise correspondence. Constraints on

functional maps are used to promote continuity of the point-wise cor-

respondence [100] and incorporate orientation information [101] into

functional maps. These methods are computationally expensive and

unstable with the dimensionality increase of the spectral embedding.

To obtain an accurate correspondence on high dimensional details,

ZoomOut [61] recovers a lower resolution to a higher resolution map
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through an iterative spectral up-sampling scheme. To obtain an

accurate, smooth and bijective point-wise correspondence with ac-

ceptable time and memory complexity, [62] proposes Fast Sinkhorn

Filters with functional maps promoting bijective point-to-point cor-

respondence. The well-known Sinkhorn algorithm [102] [103] is used

to compute the optimal transport distance matrix between functions

in a common metric space. The distance matrix is iteratively subject

to a matrix scaling procedure leading to a regularized transport plan

that is then converted to a correspondence map. However, Both

ZoomOut [61] and Fast Sinkhorn Filters [62] are time-consuming and

require manually made Laplacian descriptors for functional maps.

To learn the optimal descriptor functions from non-rigid 3D

shapes, a supervised Function Maps Network (FMNet) [63] has

been proposed. FMNet takes pre-computed SHOT [67] descriptor

from two shapes as input and extracts featuresF and G from the

two SHOT descriptors by using shared residual layers [104]. The

extracted featuresF and G are projected onto the Laplacian eigen-

bases� and 	 to produce the spectral representationŝF and Ĝ for

functional maps. FMNet predicts a matrixC encoding the correspon-

dence between the two shapes by minimizing theF norm between

CF̂ and Ĝ. The matrix C is then converted to the spatial correspon-

denceP by using C, � and 	 . Finally, a soft error loss is proposed

by minimizing the F norm betweenP and ground-truth geodesic dis-

tances. To avoid using the ground-truth geodesic distances, Spectral

Unsupervised FMNet (SURFMNet) [64] enforces bijective properties

on the map by minimizing the F norm betweenCF̂ and Ĝ and

minimizing the F norm betweenCĜ and F̂ . CorrNet3D [65] takes

two unstructured 3D point clouds as input instead of structured
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3D meshes and consists of a feature extraction module followed by

a deformation-like reconstruction module, which reconstructs the

two 3D point clouds in the output, respectively. The global features

between the two modules are considered the correspondence matrix

for point-wise correspondence. However, FMNet and SUPRFMNet

take the pre-computed SHOT [67] descriptors as input, which limits

the applicability of such methods on unstructured datasets such as

3D point clouds. In addition, FMNet, SUPRFMNet and CorrNet3D

are all limited in the large and multiple deformations between two

shapes in the form of either structured 3D meshes or unstructured

3D point clouds.

2.4 Summary

In this chapter, the detailed illustrations, advantages and limitations

of traditional and state-of-the-art 3D point cloud completion, rigid

3D point cloud registration and non-rigid 3D point cloud registration

and correspondence methods are discussed. Therefore, the research

objectives for this PhD project are developing algorithms, computa-

tional frameworks and methods to address the limitations of these

methods, improve the quality of 3D point clouds and further increase

the accuracy of 3D point cloud registration in AR applications.
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Chapter 3

Recovering Dense 3D Point

Clouds from Single Endoscopic

Image

In this chapter, a novel computational framework has been proposed

to recover dense 3D point clouds from single endoscopic images using

two deep-learning neural networks. One is for monocular depth

learning, and the other is for 3D point cloud completion to recover

the missing data from the initially generated point clouds. The

experimental results indicate that the 3D reconstruction method

outperforms the state-of-the-art learning-based method and non-

learning-based stereo 3D reconstruction algorithms on the synthetic

medical datasets. 3D point cloud completion results also show a

better performance. Even if the missing rate reaches 60%, the quality

of the 3D point cloud completion result is still high.
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3.1 Introduction

Augmented reality (AR) information can help surgeons overcome

the limited �eld of view and the lack of depth information during

minimally invasive surgery. The higher the quality of the underlying

3D point cloud is, the more accurate the augmented information

becomes [4]. During endoscopic surgery, endoscopes are used to

visualize organ surfaces in the body and the data acquired is the

so-called endoscopic images. Constructing 3D point data from the

endoscopic image is challenging due to occlusions of instruments, the

change of brightness of organ surfaces, and the surface smoothness

for feature extractions [105] [5]. Processing an extensive amount of

endoscopic image sequences in real-time is a high computational cost,

making it di�cult to generate high-quality 3D point clouds [ 17] [6].

Missing data or information from the initially recovered point

cloud is common, and it is a shared problem in many applications that

rely on high-quality 3D point clouds, for example, AR information

augmentation, robotic manipulation [7] and scene understanding [8].

3D point cloud completion refers to a process that repairs data �aws

by �lling holes and parts of the dataset. To the best knowledge, no

prior work has been reported on monocular endoscopic 3D point

cloud completion, and the vast majority of point cloud completion

methods have been focused on objects, for which specialized 3D

shapes (e.g. aircraft, furniture) are learned or manually designed.

Large medicalin-vivo databases of 3D point clouds of real endo-

scopic scenes are scarcely publicly available. The availability of such

databases will signi�cantly assist in research innovations. Seven new
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medical datasets are generated and made freely available to research

communities.

In this chapter, a novel deep learning-based computational frame-

work is proposed for recovering 3D point clouds from single monoc-

ular endoscopic images. An unsupervised learning-based network

mono-depth is used to generate depth information from monocular

images. Given a single mono endoscopic image, the network is ca-

pable of depicting a depth map. The depth map is then used to

recover a dense 3D point cloud. A generative Endo-AE network

based on an auto-encoder is trained to repair defects of the dense

point cloud by generating the best representation from incomplete

data. The performance of the proposed framework is evaluated

against state-of-the-art learning-based methods. The results are also

compared with non-learning-based stereo 3D reconstruction algo-

rithms. The proposed methods outperform both the state-of-the-art

learning-based and non-learning-based methods for 3D point cloud

reconstruction. The Endo-AE model for point cloud completion

can generate high-quality, dense 3D endoscopic point clouds from

incomplete point clouds with holes. The proposed framework is

able to recover complete 3D point clouds with the missing rate of

information up to 60%. Five large medicalin-vivo databases of 3D

point clouds of real endoscopic scenes have been generated and two

synthetic 3D medical datasets are created. These datasets have been

made publicly available for researchers free of charge.
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3.2 Previous Work

The proposed framework is closely related to two categories of prior

works: 1) Monocular Depth Estimation and 2) 3D Point Cloud

Completion.

3D Monocular Depth Estimation: Depth estimation is an

integral part of 3D point cloud reconstruction. The state-of-the-art

camera tracking and reconstruction systems (structure for motion

systems) that estimate detailed depth maps with textures at selected

keyframes can produce dense surface maps with millions of points [17].

Some of these systems rely on powerful commodity GPU processors

for real-time performance and stereo visions. On the other hand,

monocular Simultaneous Localization and Mapping (SLAM) systems

that operate with limited processing resources only generate and

track sparse feature-based models [106] [6].

Recent advances in monocular depth estimation have shown re-

sults of predicting the depth from a single image [18] [19], which can

be used for understanding the shape of a scene from a single image,

a fundamental problem in machine vision. These methods pose

the monocular depth estimation as a learning problem by training

models o�ine [107] [18] [108]. Among these methods, supervised

learning [18] [19] needs to train models on large collections of ground

truth. Novel unsupervised learning methods explore easier-to-obtain

binocular stereo footage without the need for explicit depth data

during the training [20] [21]. In this work, since the ground truth

of the depth information is unavailable for monocular endoscope

scenes, this chapter builds on previous unsupervised learning frame-

work [21] to develop a monocular depth estimation for 3D point
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cloud reconstruction from single endoscopic images. The novelty

of this approach is a fully di�erential patch-based cost function

and the Zero-Mean Normalized Cross-Correlation is proposed that

takes multi-scale patches as a matching strategy. This approach

signi�cantly increases the accuracy and robustness of depth learning.

However, this method has only been tested with non-medical public

datasets. The method is further extended to extract the dense 3D

endoscopic point cloud based on the estimated depth and introduce

a colour extraction method onto a reconstructed 3D point cloud

from a single endoscopic image.

3D Point Cloud Completion: Real endoscopic 3D point clouds

present incomplete data (e.g., missing data, holes), due to limited

�eld of view and occlusions during minimally invasive surgery where

surgical instruments interact with the organs, as well as the illumina-

tion variations caused by the endoscopic light, tissue haemorrhaging

and or surgical smoke [105]. Hence, the task of �lling missing holes

and information for reconstructed 3D point clouds are cast as the

task of 3D point cloud completion.

Traditional geometry-based approaches use geometric clues to

complete 3D meshes from a partial input [30], while data-driven-

based methods rely on the assumption that the database must

include a very similar shape [33]. Recently emerged deep learning-

based methods [37] [39] [38] [40] have achieved superior performance

operating on 3D point clouds through generative models based on

Auto Encoder (AE) [83] [37] [109] [40] and Generative Adversarial

Net (GAN) [84].

An optimization method has been proposed to select the best

seed for the latent GAN to improve the performance for point
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Fig. 3.1 The proposed computational framework consists of three modules: Monoc-
ular Image Depth Learning, 3D Point Cloud Extraction, and 3D Point Cloud
Completion.

cloud completion [109]. Structural point cloud decoder [40] can

only generate sparse 3D point clouds since the decoder consists of

most 1D convolution layers. Each 1D convolution layer needs to

generate a recovered point cloud, which limits the number of points

to be processed. Achlioptas et al. [37] proposed an auto-encoder

architecture for 3D point cloud processing. However, this method

focuses on 3D point cloud representation learning and has only been

tested with non-medical public datasets. this thesis applies the auto-

encoder architecture to recover dense endoscopic 3D point clouds,

and the proposed approach is the �rst attempt of its kind applied

to endoscopic 3D point cloud completion.
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3.3 Overview of the Framework

Figure 3.1 illustrates the entire computational framework with three

modules: Monocular Image Depth Learning, 3D Point Extraction

and 3D Point Cloud Completion.

Monocular Image Depth Learning Module: In this module,

an unsupervised learning-based network mono-depth is developed.

Public Laparoscopic/Endoscopic stereo video datasets are used for

network training. The unsupervised depth learning method treats

the monocular depth estimation as error minimization in image

synthesis. During the training, the depth is estimated from the left

image of stereo pairs. The depth is then converted into a disparity

map to synthesize the right image of stereo pairs. The loss function

is used to minimize the error between the reconstructed right image

and the original right image. Once trained, the depth information is

generated from monocular endoscopic images in the depth learning

module.

3D Point Cloud Extraction Module: In the 3D point cloud

extraction module, the depth estimated from the depth learning

module is converted into a dense 3D point cloud. A coordinate

conversion method is used to transform the pixel coordinates into

3D world coordinates. To obtain the colour information, colour

attributes of the corresponding input monocular endoscopic image

are extracted and applied to the 3D point cloud.

The e�ectiveness of the proposed 3D point cloud reconstruction

framework is evaluated by comparing mono-depth with a state-of-

the-art learning-based method [20], as well as with two non-learning-
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Fig. 3.2 Mono-depth network for estimating depth from monocular images; It
consumes a single image as input and consists of 14 layers of an encoder and 14
layers of a decoder. The input is encoded by 7 Conv layers with stride 2, and each
layer is followed by a Conv layer with stride 1. The decoder consists of 7 deConv
layers with stride 2, and each layer is followed by a Conv layer with stride 1.

based stereo image reconstruction methods [16]. The detailed evalu-

ation is described in section 3.7.1.1.

3D Point Cloud Completion Module: In the 3D point cloud

completion module, a generative Endo-AE network based on an

auto-encoder is performed for the task of 3D endoscopic point cloud

completion. The 3D point clouds generated in the 3D point cloud

extraction module are split into the training data and the testing

data. The auto-encoder, as an unsupervised network, uses the

training data itself as the ground truth. During the training, the

input of the network is complete 3D point clouds without any missing

data, as shown in Figure 3.5. The network learns global features of

training datasets through an encoder and converts global features
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into an original 3D point cloud through a decoder. During the

testing mode, by randomly deleting consecutive points in the testing

data, Endo-AE can generate a complete 3D point cloud from the

partial 3D point cloud input, as shown in Figure 3.6. The colour

attributes are also extracted from the corresponding 3D point cloud

in the testing data.

3.4 Methods

3.4.1 Unsupervised Monocular Depth Learning

Building on the unsupervised mono-depth network [21], the per-

pixel depth is estimated from single image input. The mono-depth

network is based on a VGG-like fully convolutional neural network

architecture [110], as shown in Figure 3.2.

During the training, the single left imagesI l of stereo pairs are

used as the input data for the DepthNet model to synthesize per-pixel

depth D. The depth D is transformed into a disparity mapd = b� f
D ,

whereband f are the camera baseline and focal distance, respectively.

The disparity maps d are then used to reconstruct the right views

of the stereo pairsI r _ syn and the sampling of patches from right

views I r (Nx� d;y). Finally, the fully di�erential loss function L total

is applied to train the mono-depth network. L total , as illustrated

in Equation 3.5, consists of a Patch Matching LossLPM , a View

Reconstruction LossLV R, a Disparity Smoothness LossLDS , and

a Disparity Consistency LossLDC . In addition, another parallel

Con�denceNet, as shown in Figure 3.2, is trained by using theLPM

to evaluate the performance of the monocular depth estimation. The
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Fig. 3.3 Mono-depth network testing mode: The trained model only consumes
monocular images as input and outputs corresponding depth images.

Con�denceNet produces a con�dence map that gives a real-time

assessment of the reliability of the predicted depth.

During the testing, the trained mono-depth model does not need

the original right image of stereo pairs to calculate the loss anymore.

Thus, the trained model can generate per-pixel depth only from the

monocular image as shown in Figure 3.3.

Loss Function: Following the loss functions in unsupervised

depth learning networks [21] [20], the mono-depth is trained using

the combination ofLPM , LV R, LDS and LDC .

LPM is proposed to maximize the similarities between patches

in the left input image I l(Nx;y ) and shifted patchesI r (Nx� d;y) in

the reconstructed right image by using the Zero-Mean Normalized

Cross-Correlation, as de�ned in Equation 3.1.

ZNCC =

P
i;j 2 N x;y

(I l (i; j ) � I l (Nx;y )) � (I r (i � d; j ) � I r (Nx � d;y ))
q P

i;j 2 N x;y
(I l (i; j ) � I l (Nx;y ))2 �

P
i;j 2 N x;y

(I r (i � d; j ) � I r (Nx � d;y ))2
(3.1)

whereI (Nx;y ) = 1
n

P
x;y2Nx;y , I (x; y) is the mean intensity of the patch

Nx;y centered at the coordinate(x; y).
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LV R, as de�ned in Equation 3.2, minimizes the di�erences between

the original right input image I r (x; y) and its reconstruction bI r (x; y)

using the L1 norm.

LV R =
X

xy

�
�
�I r (x; y) � bI r (x; y)

�
�
� (3.2)

LDS , as de�ned in Equation 3.3, regularizes the mono-depth

network to produce more smooth depth by calculating the sum of

the L1 norm of disparity gradients alongx and y directions.

LDS =
1

XY
X

x;y

�
�
�
�
�
�

@d(x; y)
@x

�
�
�
�
�
�
+

�
�
�
�
�
�

@d(x; y)
@y

�
�
�
�
�
�

(3.3)

LDC , as de�ned in Equation 3.4, attempts to make the left-view

disparity map dl(x; y) to be equal to the reconstructed right-view

disparity map dr (x � dl (x; y); y) using the L1 norm.

LDC =
1

XY
X

x;y
jdl (x; y) � dr (x � dl (x; y); y)j (3.4)

The �nal loss function L total is de�ned by Equation 3.5.

L total = ! pLPM + ! vLV R + ! dLDS + ! cLDC (3.5)

where! is the corresponding weight to balance the e�ect of gradients

of the backpropagation.

Since the mono-depth network generates the depth information

from single images and is trained without using ground-truth depth

in LPM , LV R, LDS and LDC loss functions, this network is de�ned

as an unsupervised network for depth learning.
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Fig. 3.4 3D Point Cloud Reconstruction: (a) Left image; (b) Generated depth
image from (a); (c) Reconstructed 3D Point Cloud with colour attributes from (a)
and (b).

3.4.2 3D Point Cloud Extraction

3D point cloud extraction is the second module of the proposed

framework shown in Figure 3.1. A 3D point cloud is extracted from

the generated depthD, as described in section 3.4.1. A coordinate

conversion method from the pixel coordinates to the world coordi-

nates is applied to 3D point cloud extraction. Based on the generated

depth D, 3D point clouds can be extracted using Equation 3.6.

xw = ( u � u0) � D=f x

yw = ( v � v0) � D=f y

zw = D

(3.6)

where(xw; yw; zw) is the coordinates of a point in the world coordinate

system and(u; v) is each pixel in the depthD. (u0; v0) are the centre

coordinates of the depthD in pixel coordinate system.f x and f y

are the focal lengths of the left and right cameras.

While reconstructing a 3D point cloud from the generated depth

D, the colour attributes of each pixel are extracted from the cor-

responding left image and assigned to each point in the 3D point

cloud, as shown in Figure 3.4.
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Fig. 3.5 Endo-AE completion network training mode: The input in the training
mode is a complete 3D point cloud without missing holes. The encoder is from
PointNet. F represents features extracted by each feature extraction layer. The
decoder consists of 3 fully connected layers (FC). The �rst two FC layers consist
of the activation function ReLU.

3.4.3 3D Point Cloud Completion

For the point cloud completion task, an Endo-AE network is trained

based on Auto-encoder (AE) that includes an encoder and a decoder

to generate complete 3D point clouds from partial 3D point clouds

with missing data. Since the Endo-AE is an unsupervised network,

the ground truth is the input training 3D point cloud itself. The

encoder of the Endo-AE network is based on PointNet [1], a state-

of-the-art deep learning method on 3D point cloud classi�cation.

PointNet combines point-wise multi-layer perceptions with a sym-

metric aggregation function that is invariant to permutation, which

is essential for e�ective feature learning on 3D point clouds. The

main di�erences between PointNet [1] and the Endo-AE network

are the loss function, the ground truth and the output of the two

networks. PointNet focuses on 3D point cloud classi�cation, and

the loss function of the PointNet classi�cation network is softmax,

which can be considered a multi-classes classi�er. Every 3D point

cloud has a label for classi�cation, and each label is the ground truth

for PointNet. Thus, the PointNet classi�cation network outputs
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Fig. 3.6 Endo-AE completion network testing mode: The trained model consumes
a 3D point cloud with the missing data and outputs a complete 3D point cloud.

the label of an input 3D point cloud. Whereas the loss function

of the Endo-AE network is the chamfer distance, as illustrated in

Equation 3.7, which minimizes the distance between the input and

the output of 3D point clouds. The ground truth of the Endo-AE

network is the input training 3D point cloud itself, and the output

is the complete 3D point cloud.

During the training, the input of the Endo-AE network is the

complete 3D point cloud without missing data, and the output 3D

point cloud is the reconstruction of the input. The input and output

3D point clouds in training mode are shown in Figure 3.5. A 3D point

cloud with N points is represented as aN � 3 matrix, and each row of

the matrix is the 3D coordinates of a point de�ned asPi = ( x; y; z).

The encoder compresses an input 3D point cloud ofN points into a

k dimensional feature vectorv�Rk. Speci�cally, the combination of

1D convolution (Conv), batch norm (BN) and ReLU layers is used to

transform each pointPi into a point feature vector F . A point-wise

max pooling is placed after all feature extraction modules, ensuring

the global features are invariant to any permutations of a 3D point

cloud and producing ak-dimensional feature vector. The decoder
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aims to generate the reconstruction of the input 3D point cloud

based on the learnedk-dimensional feature vector by using three

fully connected layers. The chamfer distance [91] is used as the loss

function to maximize the similarity between the output 3D point

cloud and the ground truth. Thus, the learned global features can

represent the 3D point cloud for the point cloud completion task.

During the testing, the input of the trained completion model is

partial 3D point clouds, and the trained model can output complete

3D point clouds based on learned global features extracted from the

encoder. The input and output 3D point clouds in testing mode are

shown in Figure 3.6.

3.5 Implementation Details

The experiments are conducted in two stages. A mono-depth network

is trained to predict depth for 3D point cloud reconstruction. The

3D point cloud completion is then achieved based on reconstructed

point clouds with a trained Endo-AE network. The unsupervised

mono-depth network and Endo-AE network are trained on an Nvidia

Titan X GPU with 12G memory and a CPU with 32G memory. The

implementation details for the two networks are explained as follows:

Hyper Parameters: The mono-depth network applies the same

hyper-parameters following the state-of-the-art depth learning net-

works [21] [20]. In terms of training the mono-depth network, all

input images are resized to512� 256with a batch size of four. Adam

optimizer with an initial learning rate of 0.0001 and 50 epochs are

used for the training process. The weights de�ned in the total loss

are ! p = 0:5, ! v = 1, ! d = 0:1 and ! c = 1, respectively. In addition,
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6 skip connections are implemented, preserving intermediate infor-

mation during training to ensure the high quality of per-pixel depth

estimation. The �rst four kernel sizes of the encoder are 7, 7, 5, and

5, followed by ten kernel sizes of 3. The kernel size of the decoder in

each layer is the reverse order in the encoder.

The Endo-AE network applies the same hyper-parameters follow-

ing the state-of-the-art 3D point cloud processing networks [111] [37].

The encoder of the Endo-AE network consists of �ve layers of shared

1D convolution with 64, 128, 128, 256 and 128 �lters, respectively.

The decoder consists of three fully connected layers with 256, 256

and 4096� 3 �lters, respectively. Adam optimizer is also used with

an initial learning rate of 0.0005, a batch size of 50 and 500 epochs.

The Endo-AE is trained with the input size ofM1 � 3 and the ground

truth size of M2 � 3, generating the output point cloud with the

size ofM3 � 3, whereM1, M2 and M3 can be any number. In this

experiments,M1 = M2 = M3 = 4096.

Data Augmentation: To increase the robustness of the mono-

depth network and prevent over-�tting, images are randomly �ipped

and the brightness and colour of images are changed. During the

Endo-AE training, 3D point clouds are augmented by applying a

random rotation matrix.

3.6 Evaluation Metrics

The 3D point cloud reconstruction and completion methods are eval-

uated with minimum matching distance (MMD). Minimum matching

distance (MMD) calculates the average distance in the matching

between two 3D point clouds. MMD_CD is based on the chamfer
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distance [91] (Equation 3.7), and MMD_EMD is about the Earth

Mover's distance (EMD) [112] (Equation 3.8).

CD(Sout; Sgt)=
1

Sout

X

p�Sout

min
q�Sgt

jjp� qjj2

+
1

Sgt

X

q�Sgt

min
p�Sout

jjq� pjj2

(3.7)

The chamfer distance calculates the average nearest point distance

betweenSout and Sgt by �nding the closest neighbour withO(nlogn)

complexity. In addition, Sout and Sgt can be 3D point clouds with

di�erent sizes.

EMD (Spred; Sgt)= min
�

X

p�Spred

kp� � (p)k2 (3.8)

where� : Spred ! Sgt is bijection. The EMD distance minimizes the

distance betweenSpred and Sgt with O(n2) complexity. Note that

EMD requires the same sizes ofSpred and Sgt.

A major di�erence between MMD_CD and MMD_EMD is that

calculating MMD_EMD is too expensive with O(n2) complexity and

takes more time than calculating MMD_CD with O(nlogn) com-

plexity. Another major di�erence between them is that MMD_CD

can calculate the average distance between two point clouds with

di�erent sizes, whereas calculating MMD_EMD requires the two 3D

point clouds to have the same sizes.
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3.7 Results and Discussions

3.7.1 3D Point Cloud Reconstruction

In this section, the 3D point cloud reconstruction method is �rst

compared with a state-of-the-art learning-based method Godar et

al. [20] and two non-learning-based stereo image reconstruction

methods [16]. Secondly, 3D endoscopic point cloud datasets are

generated based on the proposed 3D point cloud reconstruction

method.

3.7.1.1 Comparison experiments

Evaluation Datasets: There are some endoscopic datasets gen-

erated by previous researcher projects, such as EndoVis 2019 Sub-

challenge dataset1, Laparoscopic Image to Image Translation Dataset

[113] and EndoAbS dataset [114]. EndoVis 2019 Sub-challenge

dataset may not be publicly downloadable. The laparoscopic Im-

age to Image Translation Dataset includes simulated monocular

images and the corresponding depth. However, this dataset does

not provide camera parameters and ground truth 3D point clouds

or ground-truth stereo correspondences that are required to train

the mono-depth learning network.

The EndoAbs dataset [114] is captured from soft phantoms of

abdominal organs with the aim of representing the real surgical

scenario as closely as possible. It consists of 120 images of the kidney,

liver and spleen, captured under 3 di�erent endoscopic lighting

conditions by varying 3 di�erent low light intensities, which poses

the challenge for evaluating the 3D reconstruction methods. 20
1https://endovissub2019-scared.grand-challenge.org/
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Fig. 3.7 Quantitative comparison on EndoAbS: (a) Images of kidney, liver and
spleen in EndoAbS dataset; (b) Results of learning-based Godar method; (c)
Results of traditional block matching algorithm from OpenCV; (d) Results of
traditional semi-global block matching algorithm; (e) Results of mono-depth.

ground truth 3D point clouds are also captured by the laser scanner.

To minimize the error during the evaluation, the ground truth 3D

point clouds are manually transformed (translated and rotated) in

the EndoAbS dataset to match the views of the images.

A new synthetic medical dataset is also created for the network

training by capturing stereo images and the corresponding ground

truth 3D point clouds under the same view using a 3D computer

modelling software2. Speci�cally, the synthetic dataset contains 200

stereo images and their corresponding depth images from the 3D
2https://www.autodesk.com/products/maya/
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liver and heart models. All images and corresponding depth are

captured by randomly rotating and translating the 3D liver and

heart models in the scene. The light in this dataset shines evenly in

all directions from the location of the light and every object in the

scene is illuminated by the light. Finally, the ground truth 3D point

clouds are extracted from 200 left frames and 200 corresponding

depth images using Equation 3.6.

Comparison with Learning-Based Method: The Godar [20]

and the mono-depth networks are trained on the publicly available

Laparoscopic/Endoscopic video datasets [26] [27]. The performance

of these two methods on the EndoAbS dataset is �rst compared. The

reconstructed 3D point clouds are shown in (b) and (e) in Figure 3.7.

The chamfer distance (CD) is calculated between reconstructed 3D

point clouds and ground truth 3D point clouds. Although the En-

doAbS dataset is captured under low light conditions, the CD results

on the kidney, liver and spleen for the mono-depth are 0.54533mm,

0.41444mm and 0.07512mm, showing better performance than Go-

dar's with CD results of 0.76253mm, 0.49351mm and 0.09610mm.

The proposed 3D reconstruction method is also compared with

Godar's on the synthetic medical dataset, as shown in (b) and (e)

in Figure 3.8. The CD results in Figure 3.8 show that the proposed

3D reconstruction method also outperforms Godar's method on

the synthetic medical dataset. In addition, the average CD is also

calculated on the created synthetic medical dataset for the proposed

3D reconstruction method (0.01514mm), which outperforms Godar's

method (0.01902mm).

Comparison with Stereo Image Reconstruction Meth-

ods: To assess the e�ectiveness of learning-based methods with

46



Fig. 3.8 Quantitative comparison on the synthetic medical dataset: (a) Images
of liver and heart; (b) Results of learning-based Godar method; (c) Results of
traditional block matching algorithm from OpenCV; (d) Results of traditional
semi-global block matching algorithm; (e) Results of mono-depth.
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non-learning-based stereo-image reconstruction methods, the pro-

posed method is compared with non-learning-based block matching

method3 (BM) and semi-global block matching (SGBM) [16]. BM

and SGBM directly use low-level image feature to search for matched

pixels in the left and right images of stereo pairs. As a result, the

quality of the generated 3D point cloud is usually poor, as shown

in (c) and (d) in Figures 3.7 and 3.8. The CD results show that

the proposed mono-depth outperforms BM and SGBM on both the

EndoAbS dataset and the synthetic medical dataset. In addition, the

average CD result on the synthetic medical dataset for mono-depth

is 0.01514mm, which shows better performance than BM and SGBM

with 0.29784mm and 0.49407mm.

3.7.1.2 Generated Endoscopic Datasets

3D endoscopic point cloud datasets are generated based on depth in-

formation generated from publicly available Laparoscopic/Endoscopic

video datasets [26] [27] using the proposed 3D point cloud recon-

struction method.

Five stereo endoscopic videos from the datasets [26] [27] are

chosen to generate depth information, including Abdomen Wall,

Uterine Horn, Liver, Nephrectomy scene 1 and Nephrectomy scene

2, respectively. The stereo videos are divided into 35,000 left frames

and 35,000 right frames. Around 10,000 Nephrectomy left frames

and 10,000 Nephrectomy right frames are randomly selected as the

input to train the mono-depth network. Once the model has been

trained, the mono-depth network can generate the per-pixel depth

from the monocular image. Approximately 35,000 depth images
3https://opencv.org
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Fig. 3.9 Estimated depth from �ve di�erent endoscopic image datasets, which
are Abdomen Wall, Uterine Horn, Liver, Nephrectomy scene 1 and Nephrectomy
scene 2, from left to right.

from 35,000 left frames are generated, as shown in Figure 3.9. The

�ve left frames in Figure 3.9 are randomly selected from Abdomen

Wall, Uterine Horn, Liver, Nephrectomy scene 1 and Nephrectomy

scene 2, respectively.

Based on the generated depth images, approximately 35,000in-

vivo 3D point clouds are generated by using Equation 3.6. The

generated datasets consist of �ve endoscopic point cloud categories,

including Abdomen Wall, Uterine Horn, Liver, Nephrectomy scene 1

and Nephrectomy scene 2. The datasets are made publicly available

for researchers, which can be used for learning-based methods as

training datasets and evaluating 3D reconstruction methods. Each

dense 3D point cloud contains approximately 100,000 points on

average. Each category is divided into six parts and the �rst frame

of each part is displayed, as shown in Figure 3.10. The points are

extracted from every pixel of the input image, thus, points in a

reconstructed 3D point cloud are evenly distributed. However, the

points in the dark or black area are considered as outliers and have

been removed when extracting 3D point clouds. Therefore, the

points are sparse in the dark or black area, as shown in the 7th and

8th rows in Figure 3.10. The margins of endoscopic images, i.e., the
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black margins inI 2, are due to the movement of the instrument that

is not horizontally and vertically positioned. Thus, the margins are

removed when extracting 3D point clouds. The datasets contain �ve

classes ofin-vivo datasets, including approximately 37,000 3D point

clouds in total.

3.7.2 3D Point Cloud Completion

3.7.2.1 Evaluation of Completion Performance

For the 3D point cloud completion task, �ve class-speci�c Endo-AE

networks are trained separately with �ve classes of endoscopic point

cloud datasets generated in Section 3.7.1.2. A two-classes Endo-AE

network is also trained with two synthetic 3D models, as mentioned

in Section 3.7.1.2.

For each class, 90% of 3D point clouds are randomly selected as

the training data and the remaining 10% as the testing data. To

evaluate the trained Endo-AE model on partial 3D point clouds, the

remaining 10% of testing data is used to create partial 3D point

clouds with di�erent missing rates. First, a point is randomly selected

from each testing 3D point cloud with the size ofN � 3, whereN is

the total number of points in a 3D point cloud. Second, the nearest

N � delete_ rate points around that selected point are deleted to

create partial 3D point clouds with di�erent missing rates, where

delete_ rate is the rate of deletion, i.e., 0.2, 0.4, 0.7, etc. Third,

each partial 3D point cloud is randomly sub-sampled to 4096 points.

Finally, for each class of testing datasets, 7 groups of partial 3D

point clouds testing data with various missing rates of [20%, 30%,

40%, 50%, 60%, 70%, 80%] are generated. The examples of partial
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