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Abstract

Dense reconstruction and object localisation are two critical steps in robotic and industrial applica-
tions. The former entails a joint estimation of camera egomotion and the structure of the surround-
ing environment, also known as Simultaneous Localisation and Mapping (SLAM), and the latter
aims to locate the object in the reconstructed scenes. This thesis addresses the challenges of dense

SLAM with RGB-D cameras and object localisation towards robotic and industrial applications.

Camera drift is an essential issue in camera egomotion estimation. Due to the accumulated er-
ror in camera pose estimation, the estimated camera trajectory is inaccurate, and the reconstruction
of the environment is inconsistent. This thesis analyses camera drift in SLAM under the proba-
bilistic inference framework and proposes an online map fusion strategy with standard deviation
estimation based on frame-to-model camera tracking. The camera pose is estimated by aligning the
input image with the global map model, and the global map merges the information in the images
by weighted fusion with standard deviation modelling. In addition, a pre-screening step is applied
before map fusion to preclude the adverse effect of accumulated errors and noises on camera ego-
motion estimation. Experimental results indicated that the proposed method mitigates camera drift

and improves the global consistency of camera trajectories.

Another critical challenge for dense RGB-D SLAM in industrial scenarios is to handle mechan-
ical and plastic components that usually have reflective and shiny surfaces. Photometric alignment
in frame-to-model camera tracking tends to fail on such objects due to the inconsistency in intensity

patterns of the images and the global map model. This thesis addresses this problem and proposes

vii
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RSO-SLAM, namely a SLAM approach to reflective and shiny object reconstruction. RSO-SLAM
adopts frame-to-model camera tracking and combines local photometric alignment and global geo-
metric registration. This study revealed the effectiveness and excellent performance of the proposed
RSO-SLAM on both plastic and metallic objects. In addition, a case study involving the cover of
a electric vehicle battery with metallic surface demonstrated the superior performance of the RSO-
SLAM approach in the reconstruction of a common industrial product.

With the reconstructed point cloud model of the object, the problem of object localisation is
tackled as point cloud registration in the thesis. Iterative Closest Point (ICP) is arguably the best-
known method for point cloud registration, but it is susceptible to sub-optimal convergence due to
the multimodal solution space. This thesis proposes the Bees Algorithm (BA) enhanced with the
Singular Value Decomposition (SVD) procedure for point cloud registration. SVD accelerates the
speed of the local search of the BA, helping the algorithm to rapidly identify the local optima. It
also enhances the precision of the obtained solutions. At the same time, the global outlook of the
BA ensures adequate exploration of the whole solution space. Experimental results demonstrated
the remarkable performance of the SVD-enhanced BA in terms of consistency and precision. Addi-
tional tests on noisy datasets demonstrated the robustness of the proposed procedure to imprecision

in the models.
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Chapter 1

Introduction

Remanufacturing is the process of restoring a used product to at least its original performance
specifications via a combination of reuse, repair, and substitution of its components with new ones
[1]. It is a key component of the circular economy [2] and sustainable development [3], due to
its contribution to environmental protection, the economy, and society. Disassembly is the process
of segregating mechanical assemblies into separate parts. It is arguably the most critical step in
remanufacturing [4] due to its labour-intensive and time-consuming nature. Unlike assembly, which
is a deterministic process and manipulates newly manufactured components of known shapes and
features, the automation of disassembly operations is challenging due to the stochastic variations

in the conditions, shape, and dimensions of end-of-life (EoL) products.

Robot perception and machine vision endow remanufacturing systems with the capability of
tackling major uncertainties of EoL products in automatic disassembly processes. The first and
overarching aim of robot perception is to acquire the texture and structure of the objects in the
workspace, followed by the analysis of their uncertain features and conditions for decision-making.
Usually, the analysis step makes use of standard CAD models obtained from the original equipment

manufacturer (OEM) or reverse engineering.

Simultaneous Localisation and Mapping (SLAM) is a key enabler of object structure recon-
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struction and sensor localisation in robotic applications, thanks to its real-time nature [5]. SLAM
jointly estimates camera egomotion and the structure of the environment based on the input image
sequence. The SLAM system acquires images sequentially from the camera. The system starts
from the known camera pose of the first input image. The first image is used to initialise the global
map model which represents the structure and appearance of the seen environment. For the follow-
ing images, camera pose estimation and map fusion are executed alternatively. That is, each new
input image is registered, viz. aligned with its precedent frame or the global map model via a rigid
transformation, and the rigid transformation is used to estimate the camera pose. Once registered,
the new image is merged with the existing global map model, viz. the global map model is built
incrementally. In the end, the sequence of estimated camera poses gives the camera trajectory in
the 3D space, whilst the incrementally merged map model provides the structure of the scene. The
general field of SLAM includes a wide range of applications, such as robot perception and navi-
gation [6, 7], Augmented Reality AR / Virtual RealityVR [8, 9], and high precision mapping for

autonomous driving [10, 11, 12].

Monocular SLAM is a classic and lightweight implementation with a single 2D camera freely
moving in the environment. Pioneering work by Davison et al. [13] on monocular SLAM featured
areal-time system for camera tracking and sparse landmark mapping (sparse SLAM), using an un-
controlled 2D camera. Mur-Artal et al. [14], Mur-Artal and Tardés [15] proposed a framework for
real-time monocular SLAM with efficient ORB (Oriented FAST and Rotated BRIEF) [16] feature
extraction, which hybridises the FAST (Features from Accelerated Segment Test) [17] and BRIEF

(Binary Robust Independent Elementary Features) [18] procedures, namely, ORB-SLAM.

Due to the scale loss caused by the projection nature of 2D cameras, monocular SLAM systems
usually require an extra initialisation step, for example a stereo measurement [19, 20] to recover
the physical dimensions of the structure. Also, scale drift occurs in camera egomotion estimation
and structure reconstruction due to scale ambiguity [21, 22]. Binocular vision provides a solution

to eliminate scale ambiguity and recover physical scale directly in SLAM using stereo cameras



[23, 24, 25].

Regular RGB images captured by 2D cameras consist of three channels of intensity information
(i.e., red, green, and blue). RGB-D images add an extra depth channel (i.e. they are 3D), which
directly generates the texture and structure of 3D objects by the inverse of the camera projection.
Current RGB-D cameras combine the high frame rate and high resolution of standard RGB cameras
with the direct range measurement of depth sensors. Application of RGB-D cameras is restricted
to indoor scenarios due to multiple problems such as their limited detection range, issues arising
from uncontrolled illumination, and the interference of sunlight with the depth scanner light beam.
In indoor scenarios, RGB-D cameras can accurately measure depth up to a distance of 8.5 metres
[26], removing the scale ambiguity problem of monocular RGB cameras. For this reason, RGB-D

SLAM is a valuable technique for indoor robotic and industrial applications.

Newcombe et al. [S] proposed an innovative SLAM system with a commodity RGB-D sensor
(Kinect [27]), namely, KinectFusion, and demonstrated its compelling performance for surface re-
construction and camera tracking. Compared to customary sparse SLAM in which the map consists
of a few landmark pixels without the description of local surface information, a notable feature of
KinectFusion is its dense representation (dense SLAM) [28], which depicts the surface of objects
using the entire set of pixels in images. Whelan et al. [29] further extended KinectFusion using
a point-based representation for map reconstruction and exploited real-time lightning source esti-
mation without prior knowledge about the environment. Other environment-related issues of dense
SLAM were discussed in the literature, such as pose estimation in dynamic environments [30] and

specular reflections [31].

Dense SLAM with RGB-D cameras enables dense reconstruction in real-time and is thus an
ideal tool for perception and major uncertainty handling in robotic disassembly systems. The work
presented in this thesis contributes to the field of dense reconstruction and object localisation for
robotic remanufacturing applications. Aside from questions on SLAM methodology and its adap-

tation to specific applications, some general issues such as camera drift and reflective object recon-
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struction currently limit the adoption of dense SLAM in industrial applications. This thesis will

address these issues.

Once completed the reconstruction process, the output of a dense SLAM system is a 3D model
of the scene/object of interest. This model is given in the form of a point cloud (PC), viz. an

unordered set of points. From the model, the location of the object of interest needs to be calculated.

Object localisation is customarily formulated as a point cloud registration problem. Point cloud
registration amounts to an optimisation problem, where it is required to find the rigid transformation
that minimises the alignment error between two PCs: the reconstructed scene model and a template
model of the sought object. Unfortunately, due to the multimodality of the registration criterion,
sub-optimal convergence of the registration algorithm may give unsatisfactory solutions. The final

part of this thesis will address the problem of optimal point cloud registration.

In summary, three critical problems for object localisation via dense SLAM sensing were ad-
dressed in this study: 1) camera drift and 2) reflective and shiny object reconstruction in the context
of dense SLAM, and 3) global optimisation for point cloud registration. The first two points con-
cern the problem of acquiring a faithful 3D map of the environment, and the third point is how to

use this map to localise an object of interest.

The first part of the thesis describes the problem of camera drift in dense RGB-D SLAM. Cam-
era drift amounts to the fact that the estimated camera trajectory shifts away from the ground truth
as the camera tracking process advances. The inaccurately estimated camera orbit subsequently
degrades the consistency and precision of the map reconstruction process. Frame-to-frame (F2F)
camera tracking recurrently estimates the relative camera pose between two consecutive images.
In this case, the relative pose error accumulates and determines camera drift. Common causes of
errors in the computation of the camera trajectory are sensor noise and pose estimation errors.

This study formulates the problem of camera egomotion estimation as Maximum a Posteriori
(MAP) inference on a factor graph [32]. A nonlinear optimisation technique, the Gauss-Newton

(GN) method [33] is adopted, and the pose estimation problem is solved by minimising the photo-



metric and geometric alignment errors. Based on a probabilistic inference framework and nonlinear
optimisation, a frame-to-model (F2M) camera tracking with an online map fusion strategy is pro-
posed. That is, each subsequent image is aligned to the global 3D map model of the environment.
The new images are then merged into the global map model using the online fusion strategy with

standard deviation estimation.

The two camera tracking methods (F2F and F2M) were experimentally tested using two types
of image alignment methods (RGB and RGB-D) on two open-source datasets: the MS RGB-D
dataset [34] and the TUM RGB-D dataset [35]. The results showed that the proposed F2M RGB-D
based approach outperforms the others in terms of global consistency and local accuracy, i.e., the
obtained camera trajectory consistently aligns with the ground truth orbit, and the relative rigid
transformation between two adjacent frames is accurate. The study demonstrated the usefulness of

the proposed low-drift dense SLAM system with an RGB-D camera.

The second part of the thesis approached the critical problem of reflective and shiny object
reconstruction using dense RGB-D SLAM for robotic and industrial applications. For the using
the dense RGB-D SLAM photometric approach developed in the first part of the thesis, an indis-
pensable prerequisite is the assumption of photometric consistency, also known as the optical flow
[36, 37]. Photometric consistency implies the stability of the light intensity of the objects displayed
in the new image (which needs to be registered) and the global map model. However, reflective and
shiny objects (e.g., metallic or plastic surfaces) break this assumption, since they display variable
intensity patterns in multiview images. The work in this thesis addressed the fundamental problem
of dense RGB-D SLAM for reflective and shiny object reconstruction, proposing a novel approach,
RSO-SLAM, based on local photometric and global geometric alignment. That is, the camera
pose for a new image is estimated using the geometric information from the global map model,
and the intensity information from the previously registered image. Using a probabilistic inference
framework (MAP inference) similar to the one adopted in the first part of the thesis, the camera tra-

jectory is estimated by solving a nonlinear optimisation problem using the Levenberg-Marquardt
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(LM) method [38]. The objective of the optimisation procedure is the minimisation of two terms:
the geometric error between the depth image and the global map model, and the photometric error

between the new image and the previously registered image.

Experimental tests were carried out to evaluate the performance of RSO-SLAM on 20 plastic
and 10 metallic shapes using two error metrics: the Mean Surface Distance (MSD) and the Di-
rected Hausdorff Distance (DHD), and the results were compared with the state-of-the-art methods
(F2M and F2F camera tracking) analysed in the first part of the thesis. The quality of the recon-
structed shapes indicated the effectiveness of RSO-SLAM, whilst the control methods failed to
different degrees on plastic and metallic surfaces. Quantitative evaluation results demonstrated the
precision of the proposed reconstruction process, and demonstrated that RSO-SLAM consistently
outperformed the state-of-the-art in terms of both DHD and MSD evaluation metrics. A case study
involving the cover of an electric vehicle battery verified the performance of RSO-SLAM on an
industrial product in the real world, confirming that the method represents a valid tool for the use

of dense RGB-D SLAM for model reconstruction for mechanical components.

The third part of the thesis aimed to devise an effective registration approach for locating an ob-
ject in the reconstructed point cloud using a template shape. Iterative Closest Point (ICP) [39, 40] is
arguably the best known local method for PC registration. It iteratively minimises the closest-point
error metric between two PCs, starting from an initial estimate of the rigid transformation and using
Singular Value Decomposition SVD [41]. ICP is efficient to solve the PC registration problem, but
being based on the local SVD optimisation method, is prone to sub-optimal convergence due to the

multimodal nature of the solution space.

This study adopted a global search approach based on the Bees Algorithm BA and enhanced
it with the SVD procedure [41] for efficient refinement of the locally optimal solutions. The BA
distributes the computing effort amongst the most promising areas discovered in the solution space,
adaptively adjusting the scope and duration of the local search via the neighbourhood shrinking and

site abandonment procedures.



1.1. BACKGROUND 7

The performance of the SVD-enhanced BA was tested on ten benchmark shapes, and compared
with the following state-of-the-art methods: ICP [39], the standard BA [42, 43], an Evolutionary
Algorithm (EA) [44], Particle Swarm Optimisation (PSO) [45], and SVD-enhanced versions of EA
and PSO. The results showed the superiority of the proposed SVD-enhanced BA, which outper-
formed the other methods in terms of consistency and precision. In addition, tests on noisy datasets
revealed the robustness of the proposed SVD-enhanced BA to data corruption. This feature is
particularly significant for real-life industrial and especially remanufacturing applications, where
sensor imprecision and environmental conditions (light, dust) affect the precision of the scans.

Overall, the work presented in this thesis covers the whole process of building a faithful model

of the environment from multiple partial scans, and locating desired objects in the modelled scene.

1.1 Background

This section introduces the research background on the three main topics discussed in this thesis.
Section 1.1.1 introduces SLAM systems for robot perception, whilst Section 1.1.2 discusses the
problem of reflective and shiny object reconstruction in the field of machine vision. Section 1.1.3
formulates object localisation as a point cloud registration problem and frames its solution from the

perspective of global optimisation.

1.1.1 Robot Perception with Dense SLAM

Perception empowers robots and machines with the capability of modelling and understanding the
environment for reasoning and decision making. The intelligent system collects data from multi-
ple sensors (e.g., cameras, microphones and inertial units), preprocesses them, and reorganises the
processed information for environmental modelling [46]. The obtained environmental model then
undergoes advanced pattern analysis and machine intelligence processing for inspection, interac-

tion, and task-oriented manipulation. Vision is arguably the most important and powerful sensing
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modality in the architecture of robot perception [47]. Environmental reconstruction and mapping
involving stereo measurement technologies (e.g., laser scanning, structured light, and stereo vision)
entails a process of multiview image registration. Due to the multimodal landscape of the solution
space, efficient registration approaches based on local search procedures such as ICP [39, 40] are
susceptible to sub-optimal convergence, whilst approaches based on global search procedures are
usually offline as a result of their computational overheads. Current 3D scanning technology in
industry involves fiducial markers or stickers for image registration [48], in addition to human
intervention and an extra step to label or remove the stickers. More importantly, this approach
might be inapplicable in robotic disassembly if the conditions of end-of-life products doesn’t allow

marker attachment, e.g., the object surface is rusty or cracked.

SLAM is a computational method for robot perception which simultaneously builds a 3D map
of the environment and estimates camera egomotion from image sequences. Differently from stan-
dard local and global registration methods, a SLAM system aims to achieve real-time camera ego-
motion estimation and environmental mapping via simple camera motion linearisation with high
frame-rate cameras. The system configuration for SLAM is also flexible, i.e., a freely moving cam-
era in the 3D space without trajectory control and fiducial markers. SLAM technology is widely

adopted [7, 8, 12], as it is suitable for online applications.

A SLAM system may include multiple routines to adapt to various system configurations and
application demands. The map models in SLAM can be categorised into sparse and dense mod-
els according to the information usage of the image. Sparse SLAM focuses on camera egomotion
estimation and aims to perform real-time camera motion tracking on general computing platforms
which usually have limited computing resources (e.g., embedded systems on aerial crafts and au-
tonomous vehicles). To achieve computational efficiency, sparse SLAM conducts camera tracking
and builds a sparse map model using a portion of distinct image features with significant intensity
change (e.g., edges and corners) extracted from the image. The sparse map model comprises a set

of discrete points as shown in Figure 1.1a [49].
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Dense SLAM takes both camera tracking and mapping into account and reconstructs the sur-
faces of visible objects by sensory data fusion as shown in Figure 1.1b [5]. Thanks to the develop-
ment of the General-Purpose Graphics Processing Unit GPGPU and the regular-grid data structure
of images, dense SLAM can be implemented in real-time via high-performance parallel computing,
e.g., Nvidia CUDA programming [50]. More importantly, the information flow in dense SLAM is
equivalent to data fusion, and its inverse operation is model rendering. That is, the global map
model is built by fusing the images, and the images can be recovered by rendering the map model

at the specified camera pose.
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(a) The sparse map created by sparse SLAM. (b) The dense map created by dense SLAM.

Figure 1.1: The map models obtained by SLAM. (a): Sparse SLAM. (b): Dense SLAM.

Camera egomotion is estimated from the camera pose of the images. In sparse SLAM, the
image is registered by matching the small number of points belonging to the image features (e.g.,
edges, corners, and textures in small image patches), also known as the indirect method for camera
localisation. In dense SLAM, the camera pose is identified by aligning the raw image pixels (i.e.,
the intensity values or gradients) under the assumption of photometric consistency, also known as
the direct method for camera localisation. The advantage of direct alignment is that it employs the
entire set of pixels in the images for pose estimation, which makes it robust to sensor noise.

RGB-D is a class of sensors which generates coloured images with depth measurements. Com-

mon RGB-D cameras includes Microsoft Kinect [27], intel RealSense [51, 52], and other stereo
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measurement technologies [53, 54, 55]. It is a popular type of sensor for dense SLAM, as it pro-

vides a pixel-level depth-sensing function for scale recovery.

Camera drift is a critical problem in RGB-D SLAM. It amounts to the fact that the estimated
camera trajectory deviates from the true trajectory due to accumulated pose error. Inaccurate esti-
mation of the camera pose in turn affects the quality of the geometric structure of the environment
model, due to incorrect surface creation and fusion. F2F camera tracking is a popular approach
in modern RGB-D SLAM systems [56, 57, 58]. It estimates camera egomotion by registering two
consecutive frames from the sequence of captured images. The Markov assumption, a fundamen-
tal premise in the sequential process of F2F camera tracking, supposes that the camera pose of
the new frame relies on the pose of the previously registered image. This assumption makes the
method computationally efficient, since at any time only two of the whole sequence of images are
considered. However, F2F camera tracking is liable to accuracy degradation when the new frame
is not conditionally independent of the full sequence of historical poses. For example, when the

camera moves in a closed loop and returns to previously taken positions.

Newcombe et al. [5] addressed the issue of camera drift and adopted a pure-geometric F2M
camera tracking approach (ICP with projective data association [59]). Newcombe et al. [5] used
only the geometric information in the images for camera egomotion estimation, namely the camera
pose was identified by aligning the depth channel information of the RGB-D images with the global
map model. Whelan et al. [29] extended the work of Newcombe et al. [5] to enable large-scale
mapping for volumetric map representation [28]. More recently, modern dense SLAM frameworks

addressed the issues of lightning source estimation [60] and online map integration [61].

This thesis addressed the problem of camera drift and proposed an online weighted map fusion
strategy based on F2M camera tracking. This approach creates a point-based map representation
and registers the input images against the global map model. The map fusion step allows the
creation of new data points in the model from new observations, and merges similar points with

uncertainty modelling.
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1.1.2 Shiny and Reflective Object Reconstruction with Dense RGB-D SLAM

Mechanical components with plastic or metallic surfaces are common objects in many robotic and
industrial applications. Robot perception involving these reflective and shiny objects is challenging
due to the violation of the assumption of photometric consistency [36, 37] in multiview images.
Reflective and shiny object reconstruction using dense RGB-D SLAM is still an open problem.

Unlike diffuse objects whose surfaces display constant colour patterns in multiview images,
the intensity pattern of reflective and shiny surfaces varies at different angles. Pragmatic indus-
trial practices include diminishing the reflective and shiny nature of the smooth surface by coating
with white powder or opaque lacquer [62, 63]. However, this approach is limited in the fields of
manufacturing and remanufacturing as the procedure involving surface treatment is complicated,
the adhered coating layer requires additional removal operations, and the chemical material could
cause corrosion to the metallic surfaces.

In the field of stereo vision with structured light scanning, proposed improvements for perceiv-
ing reflective shapes include enhancing the anti-reflection capability of the structured light pattern
with a designed coding strategy [64, 65], preserving coded phase information in a single exposure
image [66], and fusing multiview images captured from structured light systems [67, 68]. These
approaches aim to build a structured light system for range detection, wherein a sophisticated ap-
paratus and complicated hardware setup are required. In addition, pure-geometric range detection
methods perform camera pose estimation without involving visual information. If the sensor enters
a textureless scene, the observations captured by the measurement system cannot provide sufficient
constraints to restrict the camera motion for this estimation problem, i.e., the problem of camera
pose estimation becomes ill-posed.

Dense RGB-D SLAM entails a joint estimation of camera trajectory and the structure of the
environment with RGB-D cameras. RGB-D cameras provide coloured 2D images with depth in-
formation. The advantages of dense RGB-D SLAM systems in industrial scenes are threefold:

1) direct depth-sensing information resolves scale ambiguity; 2) joint estimation with colour and
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depth measurements avoids ill-posed problems for pose estimation in textureless or structureless
environments, since it provides sufficient constraints from intensity and depth data; 3) real-time
localisation and mapping are viable with GPGPU acceleration.

Reflections are problematic to deal in industrial fields. Objects with various surface roughness
have different reflection characteristics. Diffuse objects with rough surfaces are well addressed as
they conform the photometric consistency assumption. Reflective and smooth surfaces violate the
photometric consistency assumption, and intensity-based features [16, 15, 69] tend to fail in this
case. An extreme example is specular reflective objects (e.g., mirrors). Most of industrial products
with shiny surfaces have properties that can be classified between specular and diffuse reflections,
e.g., plastic or metallic objects. Unfortunately, the literature on real-life SLAM with specular
reflections is scarce. Whelan et al. [31] developed a solution which attaches a tag to the camera
rig for mirror surface identification, whilst other authors [70, 71] proposed methods for specular
reflection detection of a laser beam. Studies covering metallic and plastic object perception in
industrial scenarios are still lacking.

This study addresses the problem of reflective and shiny object reconstruction (typically, plas-
tic and metallic surfaces) and proposes RSO-SLAM. The reflective nature of plastic or metallic
surfaces violates photometric consistency assumed by the F2M camera tracking approach in Sec-
tion 1.1.1. This work exploited the local photometric consistency in two consecutive images with
high frame rate cameras [27, 51]. The solution entails a joint estimation of local photometric flow
and global geometric alignment to avoid the inconsistent intensity patterns in multiview images.
The combination of photometric and geometric data fusion effectively removes the problem of

ill-posed estimation for camera poses.

1.1.3 Object Localisation via Point Cloud Registration

Object localisation entails the process of locating the position and orientation of objects in robot

perception, which offers the foundation for further robotic manipulation, e.g., vision-guided robotic
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grasping [72, 73] and pick-place operation [74]. Techniques used for object localisation task varies
depending on the data representation for the perceived environment. In this research, the scene
model is obtained in the form of a point cloud by using a dense RGB-D SLAM system. The
task of object localisation is formulated as point cloud registration, which is the process of finding
the 6 degrees of freedom (6 DoF) rigid transformation aligning the reconstructed model with the
template shape. Point cloud registration is a fundamental problem in machine vision and has a wide
range of industrial applications. For example, in the field of reverse engineering [75], 3D scanning
reconstruction [76] builds a complete 3D model by aligning and merging the partial point clouds

from range scans.

Customarily, point cloud registration is tackled as an optimisation problem, where the goal is the
minimisation of the mismatch between the source point cloud (the template) and the reconstructed
point cloud (the target). Iterative Closest Point (ICP) [39, 40] is arguably the most popular regis-
tration method. ICP is an iterative algorithm looking to optimise the closest point correspondence
of the two models, using the L, norm as an error metric. At each step. the candidate solution is ob-
tained by reducing the error metric via Singular Value Decomposition (SVD) [41]. This operation

is repeated until a given convergence criterion is met.

The ICP convergence theorem [39] proves that the algorithm is capable of always converging to
the nearest local minimum of the mean-square error metric. This metric is decreased monotonically
during the iterative process owing to the closest point correspondence heuristics. However, the
solution space of the point cloud registration problem is multimodal, and there exist many local
minima. Given an unfavourable initial candidate solution (i.e. an estimate of the pose), ICP local
search strategy would fail to find the globally optimal solution, leading to poor alignment of the

two point clouds.

Metaheuristic algorithms are general-purpose strategies characterised by a global outlook in
their search of the solution space. A popular instance of metaheuristic is the Bees Algorithm (BA)

[42, 43], which simulates the foraging behaviour of honey bees to solve complex optimisation
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problems. The BA balances random explorative and local exploitative searches by reproducing the
behaviour of scouts and foragers in bee colonies. The BA site abandonment procedure prevents the
algorithm from remaining stuck in the local minima of the error landscape.

This research proposes a novel optimisation method for 3D point cloud registration based on
the BA. The original BA is hybridised with the problem-specific SVD operator to enhance the
efficiency of the search. Because of the global nature of the BA, the proposed optimiser can avoid
sub-optimal convergence to local error minima. At the same time, the SVD operator accelerates

the descent of the local basins of attraction and refines the precision of the final solution.

1.2 Aims and Objectives of the Thesis

The research hypothesis of the thesis is that dense RGB-D SLLAM enables real-time and efficient
object reconstruction and localisation for robotic and industrial applications. The hypothesis will

be proved by achieving the following aims and objectives:

* To implement a real-time dense RGB-D SLAM system for joint estimation of camera ego-

motion and the structure of the environment (Objective 1).

* Using the RGB-D SLAM implementation created in fulfilment of Objective 1, to devise
an online camera tracking and mapping strategy for reducing camera drift and improving

trajectory consistency in camera egomotion estimation (Objective 2).

* Based on the results of Objectives 1 and 2, to develop a system for the reconstruction of
reflective and shiny objects using dense RGB-D SLAM system for industrial applications

(Objective 3).

* To perform an experimental evaluation of the performance of the system developed in ful-
filment of Objective 3, comparing its performance with state-of-the-art methods (Objective

4),
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* To demonstrate the effectiveness of the devised dense RGB-D SLLAM system using an indus-

trial product (Objective 5).

* To investigate the task of object localisation using data representation in dense RGB-D
SLAM, and devise an effective and reliable optimisation technique for the purpose (Objective

6).

1.3 Outline of the Thesis

The remaining sections of this thesis are structured as follows:

» Chapter 2 surveys the literature related to the three topics investigated in this thesis: dense
RGB-D SLAM for robot perception, the challenge of reflective and shiny object reconstruc-

tion in industrial applications, and optimisation techniques for point cloud registration.

* Chapter 3 presents the online weighted map fusion strategy with the F2M camera tracking
approach for low-drift camera egomotion estimation and accurate mapping (addressing Ob-

jective 1 and 2).

* Chapter 4 addresses the issue of reflective and shiny object reconstruction using dense RGB-
D SLAM and proposes RSO-SLAM. The chapter presents a case study involving an indus-
trial product, an electric vehicle battery, to demonstrate its effectiveness and reconstruction

precision (addressing Objectives 3, 4, and 5).

* Chapter 5 describes object localisation as point cloud registration and proposes the SVD-

enhanced BA for efficient precise object registration (addressing Objective 6).
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Chapter 2

Literature Review

This chapter surveys the literature related to the three topics investigated in this thesis. Section 2.1
reviews the research related to dense visual SLAM systems with RGB-D cameras. Section 2.2
examines the advancements in reconstruction techniques for reflective and shiny objects, and high-
lights the scarcity of methods using dense RGB-D SLAM. Section 2.3 discusses various local and

global optimisation techniques for point cloud registration.

2.1 Dense SLAM with RGB-D Cameras

Camera egomotion estimation is one of the two pillars of dense SLAM. Approaches for camera
pose estimation in dense SLAM with RGB-D cameras can be mainly categorised into two types:
sparse and dense. A third category, semi-dense, is used by some authors to group approaches that
fall in between sparse and dense SLAM.

Feature extraction and matching are the backbones of sparse SLAM. The camera pose for each
image is estimated by solving the epipolar constraints [77] of associated feature points in two
consecutive images with outlier removal [78]. This step is followed by the build of the sparse
landmark map with the extracted feature points. Popular feature extraction techniques for sparse

SLAM include classic handcrafted features, e.g., SIFT (Scale-Invariant Feature Transform) [79],

17
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SUREF (Speed Up Robust Feature) [80], and ORB [14, 16], as well as data-driven features with
learned priors [81]. Sarlin et al. [82] proposed a scheme of learning feature matching and enabled
end-to-end SLAM. In this scheme, the local features are associated by solving a differentiable

optimal transport problem [83] using a graph neural network.

Semi-dense SLAM involves more detail (pixels) than sparse SLAM without losing the feature
of CPU-based real-time processing. Engel et al. [84] proposed a semi-dense visual odometry that
extracts pixels with non-negligible image gradient for camera tracking and map reconstruction.
Textureless regions are disregarded in this approach, due to the difficulty of building point associ-
ations for depth estimation in the textureless areas of two monocular camera images. Engel et al.
[85, 24] extended this work to large-scale SLAM with loop closure [86] and pose graph optimisa-
tion [87]. Caruso et al. [88] adopted this approach for omni-directional (360°) cameras. A wide
literature addressed the problems of long-term camera drift [89], convergence basin enlargement
[90, 91], and sparse depth information exploitation by incorporating LiDAR sensors [92]. In sum-
mary, sparse and semi-dense approaches mainly focus on improving the consistency and accuracy

of camera trajectory tracking, and are meant to run in real-time on a CPU.

Dense SLAM aims to obtain camera egomotion and build a dense model of the environment
using the entire set of pixels in the images. The direct method of optical flow for camera pose esti-
mation is a core component in dense SLAM. Unlike feature-based image alignment which generally
gives a coarse camera pose, the direct method accurately refines the camera pose by minimising

the pixel-level differences between two consecutive images [61].

The monocular camera is usually not the most suitable tool for high-precision dense SLAM
reconstruction applications, since its accuracy is limited by problems such as scale loss [93, 19, 20],

scale drift [21, 22], and depth estimation in textureless areas [94, 95, 96].

Depth estimation in textureless areas is problematic also in binocular SLAM systems. Dense
SLAM with RGB-D cameras overcomes this drawback by introducing an auxiliary depth sensor

for direct range detection. The structure in range images retains physical scale and obviates the
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problems caused by scale ambiguity. The direct method for camera pose estimation using RGB-D
usually includes photometric and geometric alignment routines. Photometric alignment assumes
photometric consistency, and entails the estimation the motion field of the pixels of two images.
This problem is also known as optical flow estimation [97, 36, 37] Geometric alignment is also
considered an instantiation of optical flow estimation [57], i.e., it is interpreted as the direct align-
ment of the depth values of the pixels of two images. It is usually solved using the point-to-plane
ICP algorithm [40]

Initial work focused on real-time dense SLAM systems with a single depth sensor [5, 98]. Kerl
et al. [57] combined colour and depth information in an RGB-D camera, and used an F2F camera
tracking approach, which aims at the joint optimisation of photometric and geometric errors be-
tween two consecutive images. Whelan et al. [60] provided an implementation of dense SLAM
which was robust to various conditions of the lightning source. Concha and Civera [99] proposed
semi-dense camera tracking with a keyframe scheme. The system examines the images and se-
lects them as a keyframe if the percentage of overlapping area in the new image and the previous
keyframe is below a preset threshold. Schops et al. [58] proposed a modern framework for RGB-D
SLAM including F2F camera tracking and point-based map fusion. Their framework enables the
online joint optimisation of the camera poses and map model using the entire set of images, also
known as bundle adjustment [100]. Schops et al. [58] also indicated the necessity of using a global
shutter RGB-D camera for synchronised colour and depth image acquisition. Cai et al. [101] ex-
ploited the accuracy of F2F camera tracking using bi-directional alignment with image pyramid
estimation. The cost function for the minimisation of image misalignment combines forward and

backward motion estimation.
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2.2 Reflective and Shiny Object Reconstruction

Reflective and shiny object reconstruction is a challenging task in machine vision and robot per-

ception, and was approached from various perspectives in the literature.

A number of studies focused on reconstructing specular reflective objects using a moving cam-
era. Specular flow is a key component of reflective and shiny object reconstruction. It defines
a dense motion field on the image plane that is jointly induced by the specular surfaces and the
camera movement [102]. Object reconstruction with specular flow estimation is known as shape
from specular flow. Specular flow estimation entails an important assumption of distant illumina-
tion (i.e., the object is placed sufficiently far from the surrounding lighting sources), so that the
specular features and patterns keep constant across multiple image frames [103, 104, 105]. Roth
and Black [103] modelled specular flow by a mixture model of diffuse and specular components
in two images, with the constraint that the specular and diffuse reflectance must be in distinct ar-
eas. Adato et al. [104] formulated the problem of shape from specular flow as the solution of
partial differential equations, analysing the related numerical issues [106]. Although prior knowl-
edge of the environment is not necessary, shape from specular flow approaches are still sensitive
to textureless environments, and have difficulties in handling inter-reflections and complex shapes
with occlusion. The requirement for a distant surrounding environment may restrict the domain of

applicability in industrial scenarios.

Shape from distortion is another method for specular surface reconstruction. It can be done
with either controlled or natural illumination conditions. Shape from distortion with controlled
illumination techniques require the use of a known chessboard pattern to compute the distorted
pattern. Bonfort and Sturm [107] presented a reconstruction algorithm for mirror-like objects (e.g.,
polished metal) which uses a pre-calibrated board. Savarese et al. [108] recovered the sparse model
of a reflective object from a single image using a calibrated chessboard pattern. The limited area of

the chessboard pattern is an issue for holistic object reconstruction, viz. only a portion of the object
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surface reflects the distorted pattern of the chessboard. Balzer et al. [109, 110] addressed this
problem and proposed a multiview reconstruction method for large-size shapes. Liu et al. [111]
devised a mirror surface reconstruction system based on a known chessboard pattern and pose.
Their approach is compatible with both dense and sparse correspondences between the reference
board and the distorted pattern. Shape from distortion approaches based on controlled illumination
are not flexible, since they need careful hardware setup and the use of the pre-calibrated reference
pattern. Furthermore, they have limited industrial applicability since most products have mixed
reflective and shiny surfaces, whilst shape from distortion methods are tailored for high specular

surfaces where the reference pattern can be clearly reflected.

Shape from distortion techniques with natural illumination relax the requirement of the known
reference pattern. However, prior knowledge of the ambient lightning condition is necessary. Lam-
bertian objects are characterised by diffusely reflecting surfaces. They can reflect incident light
uniformly in all directions, and this property is customarily used to calibrate the environment light-
ing conditions. Johnson and Adelson [112] demonstrated that the surface normals of a single-colour
Lambertian object can be estimated from a single image under natural illumination. This method
requires that the reflectance map of the natural illumination is calibrated by a Lambertian sphere.
Oxholm and Nishino [113, 114] extended the approach of Johnson and Adelson [112] to the case
of rough reflective objects with diffuse components, using multiview calibrated images. Godard
et al. [105] extended the method of Oxholm and Nishino [114] to highly specular objects using
multiview images, handcrafted silhouette images of the object of interest, and the a panoramic im-
age of the surrounding environment. The need of manually-made object silhouettes complicate the

automatic reconstruction process, and require the intervention of human operators.

For reflective objects with strong diffuse components, the specularity in images is handled in the
literature under the assumption of photometric consistency. Nehab et al. [115] developed a stereo
measurement framework to reconstruct specular objects. Their process of specular triangulation re-

lies on the calibrated dual camera and a temporal-encoded lighting source system. Tunwattanapong



22 CHAPTER 2. LITERATURE REVIEW

et al. [116] presented a solution to reconstruct objects with variable reflectance. In their approach,
the diffuse and specular reflectance is separated by a encoded pattern of illumination, and the shape
is reconstructed by multiview stereo matching. Other studies focused on adopting a photometric
stereo algorithm for non-Lambertian objects [117], specular reflective objects [118], and glossy
objects [119]. The configuration of the lighting source and the multiview camera calibration is
essential for these approaches, as controlled illumination is the prerequisite.

The research on reflective and shiny object reconstruction with SLAM is scarce. A few studies
addressed the challenge of specular reflection in indoor mapping [31, 70, 71]. Investigation of the
applicability of dense SLAM in industrial scenarios is still lacking.

In summary,reflective object reconstruction systems require the fulfilment of various requisites,
and this limits their deployment in industrial scenarios. Dense SLAM provides a flexible system
configuration (i.e. a freely moving camera) for unstructured environment (i.e. no prior information
for environmental illumination and workspace layout). This study will address the reconstruction

of reflective and shiny objects via dense SLAM.

2.3 Global Optimisation of Point Cloud Registration

Object localisation via template matching aims to estimate the rigid transformation which aligns
the reconstructed object with the template shape. The problem is formulated as a point cloud
registration task. Point cloud registration is usually tackled as an optimisation problem. That is, it
is sought the rigid transformation that minimises a given metric of the alignment error between the
reconstructed and template shape.

ICP [39, 40] 1s the best known algorithm for point cloud registration. It defines a cost function
based on closest point correspondence via the root mean square metric. Least squares minimisation
of this cost function is achieved via iterative application of SVD [41]. The effectiveness of ICP is

demonstrated by its convergence theorem [39].
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Rusinkiewicz and Levoy [120] investigated various variants of ICP featuring different sampling,
matching, and reweighting strategies. Other studies focused on the solution of various problems af-
fecting ICP. For instance, techniques were developed to mitigate the effect of outliers, such as trim-
ming [121], distance measurements [122], M-estimation [123, 124], and soft rejection functions
[125, 126]. Babin et al. [127] conducted a comparative study on popular outlier handling meth-
ods with various robust estimators. Other authors aimed to increase the computational efficiency
of ICP, using techniques such as data pre-processing and k-d tree search modification [128, 129],

linearisation with projective data association [59], and Anderson acceleration [130].

Unfortunately, due to the local nature of the optimisation strategy, all ICP variants are liable to
get stuck into local minima of the error function. Alternative optimisation methods based on global
search strategies have been investigated by several authors. For example, geometric Branch and
Bound (BnB) was adopted for 2D image registration [131, 132]. Li and Hartley [133] applied the
BnB strategy to a 3D point cloud registration problem, although under the constraint that the two
point clouds have orientation misalignment only. The main challenge in the application of BnB
to 3D problems is its computational complexity, which increases exponentially with the number of
variables due to the curse of dimensionality [134]. Yang et al. [135] proposed a nested BnB strategy

in rotation and translation space, to avoid directly searching in the 6D space.

Metaheuristics are optimisation procedures aiming to provide acceptable solutions when ex-
haustive search of the solution space is computationally infeasible. Evolutionary [136] and swarm
[137] algorithms are two popular classes of such procedures. Usually inspired by biological sys-
tems, they implement global search strategies, and are generally amenable to implementation in

fast parallel computation schemes.

Various instances of evolutionary algorithms (EAs) have been used for point cloud registration.
Brunnstrom and Stoddart [44] employed a genetic algorithm (GA) to implement a coarse-to-fine
optimisation strategy. A similar strategy was devised by Silva et al. [138], who first used a GA

for coarse alignment of the point clouds, and then stochastic hill-climbing for quick refinement of
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the solutions. The authors reported occasional failures of the registration algorithm, which were
probably caused by premature convergence of the GA search.

Robertson and Fisher [139] applied a parallel EA to avoid premature convergence to local min-
ima. Zhu et al. [140] introduced a centre alignment technique to compress the search space, and
used the Trimmed ICP algorithm [121] to accelerate the evolution of the GA population. Yan et al.
[141] applied a GA to the registration of TLS-TLS (Terrestrial LiDAR Scanning) and TLS-MLS
(Mobile LiDAR Scanning) point clouds. Sahillioglu [142] and Edelstein et al. [143] identified the
correspondence between two isometric shapes with a GA approach, while Zhang et al. [144] and
Li and Dian [145] applied differential evolution for aligning partially overlapping point clouds.

Swarm intelligence found application in several image (2D) and point cloud (3D) registration
problems. Ant colony optimisation [146] is one of the earliest and most popular swarm algorithms,
and found application mainly in the 2D registration domain [147, 148, 149]. In the 3D domain, Yu
and Wang [150] and Ge et al. [151] adopted particle swarm optimisation (PSO) [45] for point cloud
registration. Zhan et al. [152] added to the PSO optimiser a pre-processing stage based on the mean
filter for noise suppression. PSO was also used by Wongkhuenkaew et al. [153] in a hierarchical
registration framework for tooth model reconstruction.

This study will evaluate the suitability of the BA as a global optimisation method for point

cloud registration.



Chapter 3

On Reducing Camera Drift for Dense

RGB-D SLAM

This chapter addresses the problem of camera drift in dense RGB-D SLAM. In Section 3.1, SLAM
is framed as a Maximum A Posteriori (MAP) inference on a factor graph and solved as a non-linear
optimisation problem with numerical techniques. In Section 3.2, the groundwork for dense SLAM
is laid, including the mathematical foundation for the camera model, map data representation, and
camera pose. In Section 3.3, the nonlinear optimisation strategy for camera egomotion estimation
and online fusion is elaborated. The on-manifold optimisation and solution updating scheme for
camera egomotion estimation is detailed in Appendix A. In Section 3.4, the performance of the
proposed method is evaluated on two RGB-D data sets: MS and TUM. Two error metrics are used

for the evaluation: the absolute translational error and the relative pose error.

25
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3.1 Problem Formulation: Probabilistic Inference to Numeric

Optimisation

SLAM is the process of simultaneously estimating the camera trajectory and structure of the sur-
rounding environment. In this chapter, it is formulated as a probabilistic inference problem per-
formed on two categories of data structures: random variables and observations. Random variables
include camera poses and the global map model. The set of camera poses 7 = {1}, T5, ..., T, } for
the input sequence of images consists of a sequence of rigid transformations 73, each defining the
position and orientation of the camera in the 3D space. The mathematical representation for the
rigid transformation is detailed in Section 3.2.2. The global map model M = {sy, so, ..., 8, } of
the environment consists of the overall collection of the coordinates of the points obtained from the
set Z of individual observations. The set of observations Z = {I, I, ..., I,,} is the sequence of

images captured by the sensor (i.e., RGB-D camera), where I, € Z is the individual image.

The random variables 7 and M are estimated by maximising the posterior probability density
p(T, M|Z) conditioned on the set of observations Z. However, the direct solution to the MAP
inference is computationally intractable due to the large number of random variables and lack of

correlation relationships between the variables and observations.

Camera tracking in SLAM transforms the probabilistic inference for all random variables con-
ditioned on the entire set of observations p(7, M|Z), into the sequential maximisation of the

posterior probability density P of the camera pose 7;, given a new input image I,,:

T = argmax P = argmax p(T,|M,_1, Timn-1, Z1.n) (3.1)
T, T,

n

where T, is the camera pose for the new input image in 7, T’ is the optimal solution for T;,, Z;.,
is the set of images (i.e., Z1., = {I1, I, ..., I,}), and T;.,_; is the subset of 7 consisting of the

first n — 1 camera poses (i.e., T1.,—1 = {11, T3, ..., T;,_1}). The map M,,_; is defined as the partial
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map model created using the set Z;.,_; (the first n — 1 observations).

Equation (3.1) is transformed using Bayes’ rule for MAP inference:

*
T, =arg max P
T'"/

(3.2)
= arngaX p(Zl:n|Mn—17 71:71—17 Tn)p<Mn—1|7—1:n—17 Tn)p(ﬂ:n—l |Tn)p(Tn)

Since the global map M,,_; and the camera poses (71.,_1,T,) are independent and identically

distributed, Equation (3.2) can be rewritten as:

T = argmax P = arg max p(Z1.,|Mu_1, Tin1, Tn)p(Tin1|T0)p(T}) (3.3)
T, T
To find the MAP for camera egomotion estimation in Equation (3.3), the maximisation of the
posterior probability density is reformulated as the minimisation of the negative logarithmic prob-
ability:

T = arg min|[— log(P)]

T,

= arg min[— log(p(Z1.n| M1, Tin1, T)) — log(p(Trn-1|T0)) — log(p(T,,))]

n

3.4)

Assuming Gaussian noise, the expression of arg ming, [—log(P)] in Equation (3.4) can be
rewritten as a least squares problem (i.e., min F)):

x .
T, =argminF
T,

(3.5)
1 1
= arg min 3 || 21 = (Mo, Tint, T3, + 51 Tinr = ha(Ta)llz, = s (T)l,

where F is the objective function for the least square minimisation problem, 3. is the covariance
matrix, and || - ||4 is the Mahalanobis distance [154] given covariance matrix ¥, i.e., || X]|% =

Iy 1y,
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The first term of Equation (3.5) is the likelihood of the new camera pose T,, given the global
map model M,,_1, the past n — 1 camera poses 77.,_1, and the set of observations Z;.,,. hy(+) is the
observation function in the SLAM system. For RGB-D cameras, it entails the operation of point
projection and pixel indexing in images. The second term is the state transition of T;,, and h(-)
is the state transition function. This term depicts the motion of the camera under controlled input.
The third term is the prior probability for 7},, and can be considered as a regularisation term.

Since the functions hy, hy and hs in Equation (3.4) are nonlinear in the SLAM system, the
least square minimisation task is a nonlinear optimisation problem and can be solved via numerical
techniques. The first critical step for the solution of the optimisation problem is the linearisation
of the functions A()(-) in Equation (3.6). Here, T is used to denote the variable T}, for the sake of

clarity, and Equation (3.5) becomes:

2

1 oh
F(T) = 5 Zl:n - hl(Mnfl,’TLnfl,To) — a—;AT
¥

1 (9h 2

by || T = halTo) = AT (3.6)
Ohs 2
hs(Ty) + —= AT

+ 3(To) + oT N

where T is the given initial parameter (i.e., known initial camera pose), and Ohy, /OT is the Jaco-

bian at T' = Tj,.
The Mahalanobis distance || - || in Equation (3.6) is converted to the more familiar Euclidean
distance || - ||3 via a process known as whitening [32]:

23 = 275 = (372) " (572%) = |27 203 (3.7)
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Equation (3.6) is then rewritten in form of weighted squares:

2

1 _ oh
F = 5 E1 1/2 {a_IiAT - [len - hl(Mn—177E:n—17T0]} )
1 oh 2
G {a—zfAT [T m(%)}}
2 (3.8)
Os Np (T, :
w2 | 208 —
© e [Far -]
1 1
=3 | LWAT — b5 + 3 | AT — b2|5 + || AT — bs||;
where: 9k
Jl - 2_1/2 . 6_1-1" bl - 2_1/2 . [len - hl(Mn—la ﬂ:n—la TO)] )
oh
Jo =372 22 by = STV [T — ho(Th)] (3.9)
oT
oh
Jg - 2_1/2 . 6—13, bg - —2_1/2 . hg(TQ)

Once obtained the Jacobians in Equation (3.9), the least square problem can be solved via
numerical optimisation techniques [33]. The on-manifold optimisation technique used for this
problem is explained in detail in Appendix A.

Similarly, the MAP inference for environmental mapping can be formulated as in Equation (3.10),
incrementally building the model of the environment with the sequentially registered images from

camera tracking:

T:n = arg max Pmap = arg max p(Mn|71:n> Zl:n) (3.10)
My M.,

where M., is the environmental structure estimated from the sequence of observations Z;.,, and es-
timated camera poses 7T1.,,. However, differently from the camera tracking procedure, in incremen-
tal mapping the conditions for the environmental mapping are various, e.g., the map representation
and its use in dynamic or static environments. Thus, the direct method for transforming this second
MAP problem into a least squares problem relies on the environmental conditions.

In Section 3.2, the groundwork for the camera model and map representation is laid. In Sec-

tion 3.3, the mathematical formulation of the MAP problem for RGB-D SLAM is detailed. This
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formulation regards the variables and observations as constituting a probabilistic graph, and camera

egomotion with online mapping is performed via a probabilistic inference on the graph.

3.2 SLAM Groundwork

This section introduces the mathematical models for camera egomotion estimation in Sections 3.2.1

and 3.2.2, and the data representation for environmental mapping Section 3.2.3.

3.2.1 Camera Model and Warping Function

The pin-hole camera model is the common mathematical representation for regular cameras. The

pin-hole camera model is illustrated in Figure 3.1.

p:(x,y,z) U,
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Figure 3.1: Illustration of the pin-hole camera model.

optical axis

Figure 3.1 depicts the association of the 3D point p in the camera coordinate system O, with
the coordinate of the corresponding pixel w in the image. The optical axis is the line along axis z.
which passes through the camera centre and is perpendicular to the image plane.

A pin-hole camera is parameterised by four intrinsic parameters f,, f,, ¢z, and c,, where f,

and f, are the focal lengths, and (c,, c,) is known as the principal point. The camera intrinsic
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parameters constitute an intrinsic matrix K:

fz 0 ¢
K=|0 f ¢ (3.11)
0O 0 1

The camera projection of a 3D point p = [z, y, z]” into a pixel point u is described as below:

Uy fo 0 co| |2
1 1
U=y, | = > 0 fy o |y| = ;KP (3.12)
1 0 0 1 z

where w is the pixel coordinate of the 3D point in the image.

The process of projection in Equation (3.12) is encapsulated as a warping function 7 such as
u = 7(p). The inverse of projection 7 is the function 7! such as p = 7! (u,d). The inverse
unprojects’ a pixel u at measured depth value d, and computes the coordinates of the 3D point p
in camera coordinate system:

p=n"(u,d) =dK 'u (3.13)

3.2.2 Representations for Camera Pose and Rigid Transformation

Camera pose T refers to the position and orientation of the camera coordinate system in the global
map. The mathematical representation for a camera pose T entails a rigid transformation in the

Special Euclidean Group (SE(3)):

t
T = ,RFR=1det(R)=1,tcR? (3.14)
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where R is a rotation matrix (orientation of the camera), and ¢ is a translation vector (position of
the camera).

The camera pose T' describes the 6D pose of a camera coordinate system 7 by transforming the
global map coordinate system using the rigid transformation 7T'. Meanwhile, T" also represents the

transformation of points from the camera coordinate system to the global map coordinate system.

3.2.3 Map Data Representation

The data representation for the environmental map in SLAM can be categorised into two classes:
voxel-based [28, 5] and point-based [56, 155]. This thesis adopts the point-based data represen-
tation for global map reconstruction due to its advantages in terms of flexible amendments, low
complexity for rendering, and efficient memory occupation.

The map model M is an unordered set of surfels (namely, element of surface): M = {s1, so, ...,
Sm}. A surfel s is an oriented disc characterised by the following parameters: its position p € R?,

normal vector i € R3, color information ¢ € N?, radius r € R, and weight w € R.

s=|p’ nt e r w (3.15)

3.3 Camera Egomotion Estimation and Mapping

This section presents the original contributions of this thesis: i) the analysis of camera drift for
camera egomotion estimation under the probabilistic framework with factor graph, and ii) the pro-
posed online map fusion strategy with standard deviation estimation using the F2M camera tracking
method.

Section 3.3.1 and Section 3.3.2 describe the camera tracking inference on probabilistic graphs
for F2F and F2M, respectively. Section 3.3.3 details the online weighted map fusion with estimated

covariances.
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3.3.1 Factor Graph for Frame-to-Frame Camera Tracking

F2F camera tracking sequentially estimates the relative pose between two consecutive frames in
the image sequence using image registration. The camera trajectory in the global reference frame
is obtained by accumulating the relative poses.

Given the image sequence Z = {I, I, ..., I}, and the initial camera pose which is set to
identity T} = I, the goal of the SLAM procedure is to estimate the sequence of camera poses
T = {1, T, ..., T,} associated to the images of Z. F2F tracking gives the relative pose AT;
between the position where the camera captured ith image I; and the position where it captured
image I;,,. That is, AT; defines a movement of the camera from T; to T;,;. The recurrent

expression for the pose of I;,; is computed as:

T, = AT,-T, (3.16)

Given the initial camera pose 77 and the sequentially estimated relative camera poses { AT},

ATy, ..., AT,}, the camera pose T}, is calculated as:

Tipn = AT - ATy - ATy - ATy - T (3.17)

In F2F camera tracking, the estimation of 7 doesn’t entail the use of the global map model M.
Thus, M is independent of the random variable 7 and the set of observations Z. As a result, the
variable M is eliminated from the posterior probability density in Equation (3.3). In addition, the
state transition of the camera pose is omitted because there is no active control input for camera
motion. Hence, the relationships between the random variables and observations were built as

shown in the probabilistic graphs of Figure 3.2.
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(a) Bayesian network for F2F camera tracking. The local
maps my represent the associated images I in the form
of a point cloud.

¢12 ¢2 ¢‘n—2,n—1 ¢)n—1,n

¢
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(b) Factor graph for F2F camera tracking. The shaded
squares ¢ are the factors associated to the factorisation of
the joint probability distribution of the random variables.

Figure 3.2: Bayesian network (a) and factor graph (b) for F2F camera tracking. In the Bayesian
network, the arrows represent the dependencies of the random variables. In the Factor graph, the
circles are random variables, whilst the blocks are probabilistic factors.

Figure 3.2a shows the Bayesian network which describes the recurrent process for camera pose
estimation in F2F camera tracking. The random variables are represented as circled elements, the
observations are shown as squares, and the dependencies are illustrated as arrows. The variables I,
are the observation set (a collection of images). The variables T}, are the camera poses associated to
the images. The variable m; is the local map model (point clouds) extracted from the corresponding

image I,. The local map model m;_; is used temporarily for estimating the camera pose 7T,.

In Step (1) of the procedure the camera pose T of the first input image I is initialised (Fig-

ure 3.2a). The associated local map model 1, is estimated via MAP inference from the Bayesian
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network:

m; = arg max p(I,|Ty, m,) (3.18)

m1

In step (2), I; and the new image I constitute a Bayesian network for MAP inference. The

camera pose T3 is estimated via MAP inference on the network, i.e., maximising the probability:
T2* = arg maxp(I1|T1,m1) ~p(I2\T2,m1) (319)
b

In Equation (3.19), the two probability functions p(I,|Ti, m,) and p(I2|T,, m,) are decoupled
during the maximisation process. The former probability is maximised first, and gives the estimated
my, viz. the local map m, is extracted from I; given T3. The latter is maximised to obtain the

estimated 7T given m;.

Similarly to step (2), step (n) builds a Bayesian network for 7T}, _; and T},. The MAP inference

entails the maximisation of the following probability:

T = argmax p(L, 1|T,_1,m,_1) - p(Lp| T, My 1) (3.20)

T

The two probability functions p(I,,_1|T,_1,m,_1) and p(I,|T,,, m,_1) in Equation (3.20) are
also decoupled and maximised separately. The maximisation of the former estimates the local map

m,,_1, and the latter estimates 7}, given m,,_;.

Figure 3.2b illustrates the factor graph for the entire process of F2F camera tracking associated
to the Bayesian network in Figure 3.2a. A factor graph is a bipartite graph with factors and random
variables. The factors are visualised as shaded squares (¢(;), and represent the factorisation of the
joint probability distributions of the random variables. The circles T}, are the camera poses to be

estimated.

In Figure 3.2b, the first factor ¢o;(T}) relates to the initialisation of the first camera pose T}

in step (1). The recurrent factors ¢,,_1,(T,—1,T),) represent the joint probability distributions
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p(In—1|Tp-1,my,_1) and p(I,|T},, m,_1) of T,,_; and T,, used in Equation (3.20). The factor
graph shows that the sequential camera pose estimation for 7;, is conducted by maximising the

recurrent factor function ¢,,_1 ,(T,,—1, T),) as in Equation (3.21), i.e., the Markov assumption.

T, = argmax ¢p—1,(Th-1,Tn) (3.21)
T”l

As discussed above, camera egomotion estimation with F2F camera tracking preserves the
Markov assumption that the state for the new image is determined by the previous image alone,
and the historical information is omitted. With this simplified assumption, the camera tracking is
memory-efficient and computationally cheap for resource-limited computing platforms, e.g., em-

bedded systems and microprocessors in unmanned robots or aircraft.

3.3.2 Factor Graph for Frame-to-Model Camera Tracking

F2M camera tracking maintains a global map model and performs camera egomotion estimation
by aligning the new image with the global map model.

F2M camera tracking initialises the first camera pose T} for I, and creates the global map M
as done in the F2F method described in Section 3.3.1. Given a new input image I,,, the associated
camera pose T, is estimated directly by aligning I,, with M. This process doesn’t involve relative
pose accumulation like the F2F method.

The probabilistic graphs for the F2M approach are shown in Figure 3.3. Figure 3.3a depicts the

Bayesian network, whilst Figure 3.3b shows the factor graph.
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(a) Bayesian network for F2M camera tracking.

()
b1 b2 b3 b4
¢
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(b) Factor graph for F2M camera tracking.

Figure 3.3: Bayesian network (a) and factor graph (b) for F2M camera tracking. The circled
elements are random variables (sub-figures (a) and (b)). The rectangular elements are observations
(sub-figures (a) and (b)). The shaded blocks are probabilistic factors (sub-figures (a) and (b)).

The procedure for F2M camera tracking is detailed as follows.
First, the camera pose 7} is initialised to identity as did for the initialisation of the F2F method.

The initial map M is created from the first image I; by maximising the probability:
M* = arg max p(I|T;, M) (3.22)
M

Given a new image I,,, the new camera pose T,, is estimated using the Bayesian network in

Figure 3.3a.
n—1
T = arg max{ [H p(Ii|T7;,./\/l)] ~p(In|Tn,./\/l)} (3.23)
T i=1

n

Equation (3.23) shows that the probability function contains two decoupled terms. F2M camera
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tracking involves two steps: map fusion and camera pose estimation.

The first term [[ p(I;|T;, M) doesn’t involve the camera pose T;,. The maximisation of the
first term entails a process known as global model reconstruction and fusion which is defined in
Equation (3.10). That is, the map M is merged using the previously registered camera poses 77.,_1

and the images Z;.,,_1, as will be discussed in Section 3.3.3.

The second term p(I,|T;,, M) in Equation (3.23) is the likelihood probability of the variables
(T, M) given the observation I,,, known as camera pose estimation. In summary, Given the fused

map M by the first term, the camera pose T, is estimated by maximising the following probability:

T, = arg max p(IL,|T,, M) (3.24)

T,
The Bayesian network in Figure 3.3a is converted into the factor graph in Figure 3.3b. The
factor graph factorises the joint probability distributions of the global map M and the involved
camera poses T7;. The first factor ¢, refers to the initialisation of T;. The rest of the factors ¢;

represent the probability function in Equation (3.23).

Therefore, the factor graph in Figure 3.3b implies that F2M camera pose estimation relaxes the

Markov assumption by entailing a step of map fusion which collects the historical observations.

3.3.3 MAP Inference and Online Fusion for Mapping

Map fusion is the operation of merging and fusing the set of observations Z with the registered

camera poses 7., into the global map model according to Equation (3.10).

Since the camera poses 7., and the map M are independent and identically distributed without
prior information (i.e., the camera moves freely, and the environment is unknown), the posterior
probability P,,,, in Equation (3.10) is transformed into the likelihood probability function in Equa-

tion (3.25), further rewritten as the product of probabilistic factors according to the probabilistic
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graph of Figure 3.3.

M =arg max Pgp=arg max p(Zi.,|Tin, M,) =arg max [H p(IZ-|Mn,Ti)] (3.25)
Mo Mo M, Py

Similarly to Equations (3.4) and (3.5), the MAP inference problem in Equation (3.25) is trans-

formed into a nonlinear least square minimisation problem with the assumption of Gaussian noise:
1 ¢ 1 ¢
M = arg min 5 Z Hsi(Ii,Mn,’E)HQEi = arg min 5 Z |L; — hi(M,, Tl)||2Z (3.26)
Ma i=1 Mo i=1

where h;(M,,, T;) is the observation function involving the camera projection, which renders the
map model M,, at the specified camera pose T;, and 3; is the covariance matrix.
Since the map model M is an unordered point set as in Section 3.2.3, and the image I, consists

of many pixel observations z; € I;, each error term €; in Equation (3.26) forms a vector:

21 — h1(817 1-;,)

Zo — h1(327 112)

e =TI, — (M, T) = ' , 8, €M,z el (3.27)
zj — hi(s;, Tp)

Zm — hl(sma 111)

where h4(s;, T;) projects the 3D point s; into the pixel space of the camera at pose T;, and z; is the
corresponding pixel observation. The individual least square error term &;(I;, M,,, T;) describes
the residual error between the observed image I; and the prediction of the image h,(-) using the
variables M,, and T;.

The observation function A is detailed as follows:

hi(s;, T;) = Ln(T; " - s)] (3.28)

(2
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where T 's; describes the operation of transforming the surfel s; into the camera coordinate sys-
tem at pose T;, m(x) is the camera projection function which identifies the pixel coordinates of the
3D point x, and I;(u) is the image function which gives the pixel w in I;.

This study addresses the problem of covariance estimation for the least square problem stated in
Equation (3.26). In the literature, it is reported that the depth measurement error is proportional to
the square of the depth d [156]. The covariance matrix 3J; for the ¢th error term in Equation (3.26)
reflects the reliability of the depth measurements for the pixels. Here, the covariance 3; is estimated

as an m X m diagonal matrix (m is the number of surfels in M):

2
011

3 = 2 (3.29)

The standard deviation oy, is modelled as quadratic to the depth measurement dj, ;: o) o< d%l It
summarises the mapping error between the kth surfel in M and the associated pixel in I;.

The least-square minimisation of the right-hand term in Equation (3.26) is usually performed
utilising the entire set of data as an off-line process. The SLAM system enables real-time map-
ping by exploiting incremental nature of the map reconstruction process. It does so by an online
weighted fusion strategy which is equivalent to the original least square minimisation in Equa-
tion (3.26).

The procedure for the online map fusion is detailed as follows. First, given an input image I,,,
a local surfel model is created £ = {€;, £, ..., £, }, which contains the positions, normal vectors,
radius, and colour information of each element. For each local surfel £; and its depth measurement
d;, the weight w is initialised as w; = 1/d2.

During the process of local surfel model creation, a pre-screening step is applied to remove
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unnecessary points. Namely, for each pixel w in I, if it associates to an existing surfel in M by
projective data association, it won’t create a surfel s in the local surfel model £. Otherwise, the
pixel which has no associated surfel in M will create a surfel in £ for map fusion.

The created surfels in £ are incrementally fused into M, and their position and normal vectors

are updated according to the following weighted fusion strategy:

o Wn—-1Pn—-1 + WnPn

= 3.30
p w1+ 0, (3.30)
n, = Wp—1Mp—1 + /anlnzn7 n, — ny (331)
Wp—1 + Wy |7,
Wy = Wp_1 + Wy (3.32)

The colour ¢ and radius r can be updated in the same way.

3.4 Results and Discussion

This section reports the results of the experimental evaluation of the proposed F2M SLAM method
with map fusion. F2M SLAM was implemented using two image alignment techniques: the first
employing RGB (intensity information only) images, and the second RGB-D (intensity and geom-
etry) images as proposed in this section.

Two benchmarks were used for the evaluation of the SLAM methods: the MS RGB-D dataset
[34] and the TUM RGB-D dataset [35]. Two metrics were employed to measure the performance
of the SLAM methods: the Absolute Translational Error (ATE) and the Relative Pose Error (RPE)
[157, 158].

The two metrics are introduced in Section 3.4.1. Section 3.4.2 introduces the datasets and the
parameter settings for the algorithms. Section 3.4.3 and Section 3.4.4 present the results of the

evaluations using the ATE and RPE metrics, respectively.
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3.4.1 Evaluation Metrics

The Absolute Translational Error (ATE) measures the difference in distance between the estimated
and the ground-truth trajectories, also known as the global consistency of camera egomotion esti-

mation.

Given the estimated camera trajectory P = { Py, P, ..., P, } and the ground truth Q = {Q;,
Q-, ..., Q. }, the first step is to identify a rigid transformation S which aligns P with Q [159].
The absolute trajectory error E, for two associated camera poses P; and Q; is calculated as E, ; =
Q;'SP,.

For all associated elements in P and Q, the absolute trajectory errors are computed as a collec-

tion of errors:

ga = {Ea,17 Ea,27 ceey Ea,n} (333)

The ATE is the root mean squared error (RMSE) over the translational components of all ele-

ments in the list of absolute errors &,:

" trans(E,;

n

2
”2, E,,cé&, (3.34)

where trans(T') extracts the translational vector of the given transformation 7.

The computation for the ATE is illustrated in Figure 3.4a. The estimated trajectory P (in grey)
is aligned and transformed as P’ (in black) first, where P/ = S P,. The ATE is obtained according

to Equation (3.34).

The Relative Pose Error (RPE) measures the relative pose difference between the estimated and
the ground-truth camera trajectories over a given trajectory segment. It is also known as the local
accuracy of camera egomotion estimation. This metric has two components: the translational error

and the rotational error.

Given a fixed camera trajectory interval 9, the associated estimated and ground-truth segments
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are { P;, P;;s} and {Q;, Qi1s}, respectively. The RPE E, for the two trajectory segments is calcu-

lated as:

E.;=(Q:'Qis) (P ' Pyys) (3.35)

where Q;'Q,,; and P, P, are the relative poses of the trajectory segment leading from pose i
to ¢ + ¢ for the estimated and ground-truth trajectories, respectively. E,; is the difference of the
relative poses between the estimated and ground-truth trajectories.

For all trajectory segments, the relative pose errors are computed as a collection of errors:

57’ = {Er,b Er,27 ) Er,nfé} (336)

The translational and rotational errors are obtained by calculating the RMSE values of the

translational and rotational components in &,:

n—ay

1
> lltrans(E.)ll;, B € &, (3.37)
i=1

n—a —

RPEt'r(zns -

n—ao

1
> |IZrot(E,)l;. By €&, (3.38)
=1

RPE ) ot = | ——=
Zrot TL—5

where trans(E,) extracts the translational component of E,., and Zrot(E,) computes the rotation
angle for the rigid transformation E, as:

t?ﬂ(Erﬂ') -1

Zrot(E, ;) = arccos 5

) Er,i € 57“ (339)

The computation of the relative rotational error is illustrated in Figure 3.4b. The relative pose
error over all trajectory segments is calculated according to Equation (3.37) and Equation (3.38).
In summary, &, is the list of relative errors, whilst RPFEj,..,s and RPE,, are the RMSE values

over all the translational and rotational components of the elements in &, .
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/\\
(Q7'Qirs)  (PT'Piis)

Estimated Trajectory P

—e— Aligned Trajectory P’ = SP
Qn —e— Estimated Trajectory P

—*— Groundtruth Trajectory 9 —e— Groundtruth Trajectory Q

(a) absolute translational error (b) relative pose error

Figure 3.4: Two evaluation metrics for SLAM.

3.4.2 Datasets and Parameter Settings

The F2F and F2M methods for dense RGB-D SLAM were evaluated on two open-source datasets:

the TUM RGB-D dataset[35] and the Microsoft RGB-D dataset[34]. The two RGB-D datasets
provide RGB-D image sequences with ground-truth camera trajectories. The camera parameters

for both datasets are detailed in Table 3.1.

Table 3.1: Parameters of the two datasets.

MS RGB-D Dataset
resolution 640 x 480
depth scale 0.001
camera intrinsics
Jfa Jy Cz Cy
585.0 585.0 320.0 240.0
TUM RGB-D Dataset
resolution 640 x 480
depth scale 0.0002
f1 camera intrinsics
f T f y Cx Cy
517.3 516.5 318.6 255.3
f3 camera intrinsics
f T f y Cy Cy
535.4 539.2 320.1 247.6
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This study compared the standard F2F with the proposed F2M camera tracking method. Two
image alignment methods (i.e., RGB and RGB-D) are employed for camera egomotion estimation.
A purely geometric alignment method (ICP) was tested for both the F2F and F2M methods. How-
ever, it failed to track the camera pose in most of RGB-D image sequences, and due to its poor
performance , it was not included in the comparison. Finally, for the evaluation of the RGB-D im-
age alignment, the photometric and geometric standard deviations (eq. (A.2)) were set empirically

to 0, = 1000.0 and 0, = 1.0, respectively.

3.4.3 Absolute Translational Error

The estimated camera trajectories on MS and TUM RGB-D datasets are evaluated through the ATE

metric. The ATEs (RMSE) results are detailed in Table 3.2.

Table 3.2: ATE results on MS and TUM RGB-D Datasets (unit: m). The best result is highlighted
in bold.

F2F RGB F2FRGB-D  F2M RGB F2M RGB-D
MS chess 0.117965 0.094436 0.077865 0.062278
MS heads 0.135951 0.118754 0.053585 0.036631
MS office 0.298758 0.169617 0.156492 0.060558
MS pumpkin 0.278099 0.234330 0.172938 0.169448
MS red kitchen 0.084734 0.078133 0.047079 0.061986
TUM f1 desk 0.127189 0.109843 0.057866 0.025276
TUM f1 rpy 0.071191 0.051325 0.269734 0.031373
TUM f1 xyz 0.050705 0.031251 0.010801 0.010603
TUM {3 structure texture far | 0.029211 0.043203 0.010394 0.012644
TUM {13 structure texture near | 0.030226 0.030246 0.013621 0.029085
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Overall, Table 3.2 shows that the proposed F2M camera tracking with map fusion strategy
outperformed the F2F method. The ATE values attained using the F2M method are smaller than
those obtained using the F2F method for all image sequences (MS and TUM). The results indicate
that the global consistency of camera trajectory tracking is improved when matching new images

against the globally fused model.

The trajectories obtained using the F2M RGB-D camera tracking method show lower ATE
values than those obtained using the F2M RGB approach on 7 out of 10 image sequences. This
result shows that the joint alignment of photometric and geometric information using F2M tracking

and RGB-D images promotes consistent camera tracking.

Figure 3.5 visualises the statistical distribution of the list £, of absolute translational errors
described in Equation (3.33). Appendix B numerically summarises the statistics of the error list &,
in Table B.1. Figure 3.5 shows that the F2M method achieved the best performance for the median
values on all image sequences, a result which is mirrored in the numeric results in Table B.1.
Similarly to the RMSE results in Table 3.2, the F2M camera tracking with RGB-D image alignment
gives stably low median values of translational errors over most datasets, whilst the F2M RGB
method gives less consistent results, and in particular fails to obtain an acceptable average on the

TUM f1 rpy image sequence.

The spread of translational errors in the boxplot assesses the robustness of the methods, i.e.,
their ability to track the camera trajectory consistently with the ground-truth orbit. The F2F method
shows: a) a large spread of the translational errors for most of the datasets b) a particularly high
median value of translational errors on three image sequences (e.g., MS red kitchen, TUM structure

texture far and near).

The F2M RGB-D method shows a narrow spread of the ATEs on all image sequences. In
consideration also of the low median ATE values obtained, it can be concluded that the F2M RGB-

D method outperforms the other methods in terms of global consistency and trajectory accuracy.

The estimated trajectories for two example image sequences (TUM f1 desk and MS chess) are
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Boxplots of the ATEs for TUM and MS RGB-D Datasets
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Figure 3.5: The distributions of translational errors for all camera poses.

visualised in Figure 3.6 and Figure 3.7, respectively. The translational component of the estimated
camera trajectories is plotted in the 2D 2Oy plane. The estimated trajectories are plotted in blue
dashed line, whilst the ground-truth trajectories are plotted in black solid line. The curves obtained
using the F2M RGB-D method best fit the ground truth. F2M RGB tracking gives overall well-
aligned trajectories but still has inconsistent trajectory segments. Regarding the F2F methods,
there are significant shifts and misalignments between the estimated trajectories and the ground

truth. Figure 3.6 and Figure 3.7 demonstrate the global consistency of the proposed method.
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Figure 3.6: The estimated and ground-truth trajectories on TUM f1 desk image sequence.
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3.4.4 Relative Pose Error

The RPE corresponds to the local accuracy of the relative pose estimation, and reflects camera drift
in the camera egomotion estimation. It consists of two components: translational and rotational
errors. In this section, the RPE of the estimated trajectories with a fixed interval of 10 keyframes is
measured. The translational and rotational components of the RPE are presented in Table 3.3 and
Table 3.4, respectively.

Overall, Table 3.3 and Table 3.4 show that the proposed F2M methods outperformed the F2F
methods in terms of both relative translational and rotational errors. Tracking images using the
global map model avoids accumulating relative pose error between two consecutive images, thus,
the local accuracy in camera egomotion estimation is improved. As the local accuracy is an indica-
tor of camera drift, the F2M method excels at lower camera drift camera egomotion estimation.

Table 3.3 presents the results of relative translational error (RTE). Like for the ATE results in
Table 3.2, the F2M RGB-D method obtained more accurate results than that of F2M RGB approach
on 7 image sequences. For the remaining three image sequences (MS red kitchen, TUM structure
texture far and near), the image sequences contain rich texture and reliable photometric information
for RGB image alignment, whilst the depth measurements are too noisy.

Table 3.4 presents the results of the relative rotational error (RRE). The F2M RGB-D tracking
method gives the lowest RRE over 8 image sequences. For the remaining two image sequences
(TUM {3 structure texture far and near), F2M RGB tracking achieves the best performance due to
the rich texture information and reliable photometric measurements in the two image sequences.

F2M RGB-D tracking still outperforms the F2F method on these two sequences.
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Table 3.3: The relative translational errors on MS and TUM RGB-D Datasets (unit: m).

F2F RGB F2F RGB-D F2M RGB F2M RGB-D
MS chess 0.122512 0.093629 0.094239 0.058999
MS heads 0.170734 0.151938 0.071276 0.049573
MS office 0.249302 0.150348 0.226902 0.094885
MS pumpkin 0.266132 0.236460 0.227191 0.219893
MS red kitchen 0.094603 0.086118 0.068123 0.081947
TUM f£1 desk 0.042679 0.028394 0.015066 0.014728
TUM f1 rpy 0.066308 0.053075 0.314476 0.038376
TUM f1 xyz 0.146482 0.119416 0.085471 0.046727
TUM {3 structure texture far 0.030008 0.026835 0.014102 0.014737
TUM {3 structure texture near 0.026011 0.034726 0.018049 0.029814

Table 3.4: The relative rotational errors on MS and TUM RGB-D Datasets (unit: deg).

F2F RGB F2F RGB-D F2M RGB F2M RGB-D
MS chess 5.361452 4.229916 4.084109 2.205814
MS heads 8.911519 7.678661 3.774171 2.979665
MS office 8.617817 5.908766 8.710466 3.087342
MS pumpkin 5.954713 5.551905 5.874146 3.307544
MS red kitchen 4.254842 3.992756 4.151391 2.389606
TUM f1 desk 2.513023 1.859462 0.826138 0.736385
TUM f1 rpy 4.038709 3.701973 5.756568 2.108423
TUM f1 xyz 6.549196 5.605098 4.731415 2.449999
TUM {3 structure texture far 0.900952 0.780440 0.480852 0.533322
TUM 13 structure texture near 1.193095 1.972002 0.803939 1.523902

The distribution of the relative pose errors defined in Equation (3.36) is visualised in Figure 3.8
and Figure 3.9 for the translational and rotational components of the elements of list &, .

Both figures show that the F2M RGB-D method obtains the lowest median values for both
the RTE and RRE. This result is numerically detailed in Table B.2 and Table B.3. The RGB-D

based image alignment method presents a more stable performance than the RGB method for F2M
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camera tracking, and in particular the F2M RGB-D method achieves the lowest median values of
the RTE and RRE on all image sequences. The performance of F2M RGB approach failed in some

cases, e.g. the MS office image sequence.

The F2F method shows poor ability to obtain consistently accurate relative poses, as indicated
by the large IQR values in Table B.2 and Table B.3. The F2M RGB approach obtained smaller
spreads of RTE and RRE compated to the F2F implementations, but still struggled on 5 image
sequences, e.g., TUM {1 rpy, MS chess, MS head, MS office and MS pumpkin.

In summary, the proposed online map fusion with F2M camera tracking method effectively
improves the global consistency of camera trajectory and reduces camera drift for dense SLAM.
Furthermore, RGB-D image alignment allows robust and stable camera tracking with photometric

and geometric data fusion.

Boxplots of the Relative Translational Errors on TUM and MS RGB-D Datasets
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Figure 3.8: The distributions of the relative translational errors on TUM and MS RGB-D datasets.
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Figure 3.9: The distributions of the relative rotational errors on TUM and MS RGB-D datasets.

Finally, the statistical summary of the distributions visualised in Figure 3.8 and Figure 3.9 is

detailed in Table B.2 and Table B.3, respectively.

3.5 Conclusion

This chapter analyses camera drift under the probabilistic framework with factor graph and pro-
poses online map fusion with standard estimation for F2M camera tracking. The performance of
the proposed F2M method was compared with that of the F2F camera tracking method on two
open-source datasets (TUM RGB-D dataset and MS RGB-D dataset) using two metrics: the abso-
lute translational error and relative pose error. The results show that F2M method outperforms the

F2F approach in global consistency and local accuracy. Additionally, RGB-D image alignment is
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more reliable and robust than RGB-only alignment in camera egomotion estimation.
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Chapter 4

Dense RGB-D SLLAM for Reflective and

Shiny Objects

It is a challenging task to reconstruct mechanical products with reflective and shiny surfaces in
industrial scenarios. This chapter addressed this issue and proposes RSO-SLAM.

Section 4.1 explains the photometric inconsistency for reflective and shiny objects in multiview
images. Section 4.2 proposes RSO-SLAM with RGB-D cameras, where local photometric and
global geometric alignment are integrated in F2M camera tracking. Section 4.3 evaluates RSO-
SLAM and compares it with state-of-the-art methods on two datasets: a plastic object dataset
and a metallic object dataset. A case study involving an electric vehicle battery demonstrated the
compelling performance of RSO-SLAM: the reconstructed 3D model precisely and consistently

replicated the structure of the battery cover.

4.1 Photometric Inconsistency in Multiview Images

Camera tracking entails the joint photometric and geometric alignment of images in dense RGB-

D SLAM. With the linearisation of camera motion, camera pose estimation is solved via direct

55



56 CHAPTER 4. DENSE RGB-D SLAM FOR REFLECTIVE AND SHINY OBJECTS

alignment of pixel measurements between two consecutive images in the input image sequence,
also known as optical flow [36, 37, 57].

Optical flow defines a dense motion field of the intensity pattern of objects between two consec-
utive images. The estimation of this motion field on the image plane is the foundation for camera
pose estimation. Photometric consistency is the fundamental assumption of optical flow, i.e., the
objects display a constant light intensity pattern in multiview images. However, common mechan-
ical products (i.e., plastic or metallic surfaces) are reflective and shiny, and this causes a variable
intensity pattern in multiview images, i.e., the assumption of photometric consistency is broken.

In F2M camera tracking, the system starts mapping the intensity pattern of objects into the
global map model whilst the camera is at its initial position. As the camera moves, the system
tracks the camera poses by aligning the intensity pattern in the new images with that of the global
map model. This procedure usually results in successful camera egomotion estimation as long as
the object has diffuse surfaces, which display consistent intensity patterns in multiview images.

Figure 4.1 shows a box in two multiview images. The intensity pattern of the box in the two

images is constant, even if the images are captured at significantly different angles.

(a) A diffuse box captured at the first viewpoint.  (b) A diffuse box captured at the second viewpoint.

Figure 4.1: Consistent intensity pattern of the diffuse box in multiview images

Reflective and shiny objects display variable intensity patterns in multiview images due to their

reflective nature. Figure 4.2 shows a shiny cube with metallic surfaces in two images captured by
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a camera at different angles. The F2M camera tracking procedure would fail in this case since the

assumption of photometric consistency is violated.

(a) A metallic cube captured at the first viewpoint. (b) A metallic cube captured at the second viewpoint.

Figure 4.2: Inconsistent intensity pattern of the shiny metallic object in multiview images

Mechanical products with reflective and shiny surfaces are commonly used in industrial sce-
narios. This study addressed the problem of reflective and shiny object reconstruction using dense

RGB-D SLAM for industrial applications. The proposed RSO-SLAM is detailed in Section 4.2.

4.2 Methodology

This section addresses the problem of photometric inconsistency detailed in Section 4.1, and pro-
poses a novel solution with RGB-D cameras, RSO-SLAM, for reflective and shiny object recon-
struction.

Section 4.2.1 formulates camera egomotion estimation as a nonlinear optimisation problem,
registering the RGB-D images via local photometric and global geometric alignment. Section 4.2.2
details the residual error functions for local photometric and global geometric alignment. Ap-
pendix C illustrates the on-manifold minimisation of the photometric and geometric errors using

the Levenberg-Marquardt method.
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4.2.1 Camera Egomotion Estimation with Shiny Objects

This chapter introduces a novel F2M camera tracking method for reflective and shiny object re-
construction, i.e., RSO-SLAM. The problem of camera pose estimation is solved via nonlinear
optimisation. The on-manifold optimisation strategy with Levenberg-Marquardt method is similar
to the strategy with Gauss-Newton method described in Appendix A. The proposed system uses
dense RGB-D SLAM and was designed for reflective and shiny object reconstruction in industrial

scenarios.

The camera pose for the input image is estimated by jointly minimising the local photometric

error and global geometric error:

2

1 T 1 " €9, Tn
T = arg min F(T,,) = arg min 3 Z Hez(Tn>H2z = arg min 3 Z oiTh) 4.1)
T, T, i=1 Tn =1 €p7i (Tn )
3

where F is the objective function, T, is the camera pose, X; is the covariance matrix, €(-) is a 2D
error vector such as € = [eg, €,]7, and €,(-) and €,(+) are respectively geometric and photometric

error functions.

As discussed in Section 4.1, shiny objects (typically, metallic or plastic surfaces) violate the
assumption of photometric consistency in multiview images (i.e., photometric inconsistency). In
this study, the photometric error ¢, (-) in Equation (4.1) exploits the linearisation of camera motion
with high frame rate of RGB-D cameras and estimates the camera pose by aligning the intensity
information between the previous image and the new image, i.e., local photometric alignment for
RGB-D camera egomotion estimation. The geometric error €,(-) represents the goodness of the
alignment of the new depth image with the structure of the global map model, i.e., global geometric

alignment for RGB-D camera egomotion estimation.

The error functions €,(-) and €,4(-) for local photometric and global geometric alignment in

Equation (4.1) are detailed in Section 4.2.2.
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4.2.2 Local Photometric and Global Geometric Alignment Error Functions

This subsection describes in detail the local photometric and geometric errors.

Local Photometric Error

Local Photometric alignment is the process of aligning the intensity of the new image I,, with the
previously registered image I,, ;.

Before local photometric alignment, the global map model renders a virtual depth image ©,,_;
at the camera pose of the previously registered frame. A synthesised image J,_; combines the
intensity channel of the previous image I,,_; and the rendered depth image ®,, ;. That is, the pixel

in J,,_; contains the intensity value provided by I,,_; and the depth value obtained from ©,,_;.

Local photometric alignment computes and minimises the intensity difference between the as-
sociated pixels in J,,_; and I,,.

For each pixel w € J,,_;, a 3D point p is computed by mapping the pixel w into the camera
coordinate system 7,,_1: p = 7 '(u,d) where d is the depth value of w € J,_;, and 771(-) is
the inverse projection function. The coordinates of the 3D point p are further transformed into
the camera coordinate system 7,, of the new image I,,_: q = T, V. T,_, - p. The 3D point
q is associated to a pixel u € I, by projecting q onto the image plane of I,,: u = 7(q). The
local photometric alignment aims to find the camera pose 7}, by minimising the error between the

intensity values atw € J,,_; and u € I,,.

The full expression for local photometric error function is detailed in Equation (4.2).

() =Tpoi(u) — L {n [T, Ty -7 ' (u,d)] } (4.2)

where J,,_;(u) extracts the intensity value of the pixel w in the image J,,_;, and I,,(u extracts the

intensity value of the pixel u in the image I,,.
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Global Geometric Error

Global geometric alignment is the process of registering the depth channel of the new image I, to
the global map model M. It computes and minimises the point-to-plane ICP error [40, 59] between
the surfel in M and the associated pixel point in I,,.

For each surfel s € M, its position p is transformed into a 3D point p’ in the camera coordinate
system 7,,: p' = T 'p. A pixel u' is associated to the point p’ by projection data association:
u' = 7(p’). The pixel v’ is mapped into a 3D point p” = 7~ !(u/, d’') where d’ is the corresponding
depth value at u'. The geometric error is computed by the point-to-plane ICP error: n} - (p' — p”).

The full expression for geometric error function is detailed in Equation (4.3).

e(To) =n} - {T,'p—n"[x(T,'p),d]} (4.3)

where n is the normal vector of the mapped pixel point p”.

4.3 Results and Discussion

This section presents the experimental results obtained using RSO-SLAM and compares them to
the results obtained using state-of-the-art methods. Section 4.3.1 introduces the two error metrics
adopted in the quantitative evaluation. Section 4.3.2 presents the two datasets and the parameter set-
tings used for the quantitative evaluation. Section 4.3.3 and Section 4.3.4 show the reconstruction
results on 20 black plastic shapes and 10 shiny metallic shapes, respectively. Finally, Section 4.3.5

presents a case study involving the reconstruction of an industrial product.

4.3.1 Evaluation Metrics

This study evaluates the precision of the reconstructed point cloud using two error metrics: the

Directed Hausdorff Distance (DHD) [160] and the Mean Surface Distance (MSD, also known as
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average surface distance) [161].

The Directed Hausdorff Distance measures the dissimilarity between two point sets using a
given error metric. In this study, the DHD measures the maximum distance between the recon-
structed model (the result of the F2M dense SLAM procedure) and the standard shape (the CAD
model of the test shape). Given the reconstructed point set S = {p;, po, ..., p,,} and the standard

model T = {q1, qo, ..., @ }, the DHD is defined as:

DHD(G,‘Z):maX{min(d(p,q))} , PEG,geT 4.4)

peS qEe®

where d(p, q) is the Euclidean distance between the two points p and gq.

The computation of DHD can be described as follows. For each point p € &, its closest point
p € T is located by nearest neighbour search, and their Euclidean distance d(p, q) is computed.
The distance list D = {dy, ds, ..., d,} is created, and the DH D(&, %) is calculated as the largest
element in the list D. To obviate the effect of outliers in the reconstructed model, the 95% DHD
was used. That is, the distance list D was ranked, and the largest 5% percentile was ignored. The

largest element amongst the remaining 95% elements of D is the 95% DHD.

The Mean Surface Distance is the mean value of the distances between the points in G and their
closest point in €. This metric indicates the average surface difference between the reconstructed

point cloud and the standard shape. The MSD is defined as:
1 n
MSD(6,%) = — d(pi,q;), pi € 6,q; €% 4.5
(6,%) = — Z (Pi»4)), Pi € 6,9 (4.5)

where g; is the closest point in ‘€ to p; in G, and the point index j is identified by nearest neighbour
search:

Jj*=argmind(p;,q;), pi € 6,q, €T (4.6)
J
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4.3.2 Datasets and Parameter Settings

This study tested RSO-SLAM on plastic and metallic datasets.

The image sequences were acquired using an Intel RealSense D435 camera [51]. The Realsense
D435 camera captures synchronised RGB-D images (i.e., the RGB and depth images are captured
simultaneously) with a high frame rate (30 FPS). The front view and module layout of the camera

is shown in Figure 4.3.

Right IR Left RGB
Imager Projector Imager Module

(a) Front view. (b) Modules view.

Figure 4.3: The intel Realsense D435 camera contains RGB module and depth module (IR projec-
tor, left & right imagers).n

The important parameters in an RGB-D machine vision system include the working distance,

resolution, frame rate, intrinsic parameters, and the depth scale. They are given in Table 4.1.

Table 4.1: Parameter setting of the Realsense D435 camera.

Parameters of intel Realsense D435 camera
working distance 0.3-3m
resolution 640 x 480
frame rate (FPS) 30
depth scale 0.001
. .. fm fy Cy Cy
1ntrinsics

615.847 616.085 326.006 235.272

The plastic object dataset consists of 20 shapes: 5 primitive shapes (cube, cylinder, semisphere,
pyramidal frustum and conical frustum) and 15 complex shapes. It is representative of many in-

dustrial components made of plastic materials. Under common ambient lighting conditions, the



4.3. RESULTS AND DISCUSSION 63

strong reflective regions on the objects are shiny, whilst the remaining areas are textureless and
lack photometric information.

The metallic object dataset contains 10 shapes: 5 primitive shapes and 5 complex shapes coated
with aluminium foil. The metallic object dataset mimics the shiny surface of many mechanical
objects. The intensity pattern for the metallic surfaces is complex, and changes drastically with the
camera viewpoint. Even with a stable ambient lightning system, photometric consistency doesn’t
hold for the objects of the metallic dataset.

The objects of the plastic and metallic datasets are shown in Figure 4.4 and Figure 4.5, respec-

tively. The names of their shapes are listed in Table 4.2 and Table 4.3, respectively.
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(a) (b) ) (c) 7 (d)

(e) () (€9) (h)

) G) ) O]

(m) (n) . (o) (p)

(@ ® (s) ®

Figure 4.4: The plastic object dataset consists of 20 shapes, including 5 primitive shapes and 15
complex shapes. The names of the shapes are given in Table 4.2
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(1) conical frustum (ii) cube

(iii) cylinder (iv) pyramidal frustum

(v) semisphere (vi) conical frustum + semisphere

(ix) semisphere on cube (x) semisphere + pyramidal frustum

Figure 4.5: The metallic object dataset consists of 10 shapes, including 5 primitive shapes and 5
combined shapes. The names of the shapes are listed in Table 4.3



66 CHAPTER 4. DENSE RGB-D SLAM FOR REFLECTIVE AND SHINY OBJECTS

Table 4.2: Names of the shapes (a)-(t) in the plastic object dataset.

(a) conical frustum (k) housing + cube

(b) cube ) housing + pyramidal frustum

(c) cylinder (m) housing + semisphere

(d) pyramidal frustum (n) pyramidal frustum + conical frustum
(e) semisphere (0) pyramidal frustum + cube

() housing (p) semisphere + cube

(g) | conical frustum + cylinder + cube | (q) semisphere + cube + cylinder

(h) conical frustum + semisphere (r) | semisphere + cylinder + pyramidal frustum
(i) | conical frustum + semisphere + cube | (s) semisphere + pyramidal frustum

() housing +conical frustum (1) small conical frustum + housing

Table 4.3: Names of the shapes (i)-(x) in the metallic object dataset.

(1) conical frustum | (vi) conical frustum + semisphere

(i1) cube (vii) | pyramidal frustum + conical frustum
(i11) cylinder (viii) pyramidal frustum + cube

(iv) | pyramidal frustum | (ix) semisphere + cube

(V) semisphere (%) semisphere +pyramidal frustum
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4.3.3 Experimental Tests on Reflective Plastic Objects

The RSO-SLAM approach is tested on the plastic object dataset, and the experimental results are
compared with those obtained using state-of-the-art F2F and F2M tracking methods, viz. the same
control methods used in Chapter 3. The camera tracking approach involves three types of image
alignment: RGB (photometric), ICP (geometric), and RGB-D (joint photometric and geometric
alignment).

The reconstructed model M contained the object and the background (the desk). First, the
point-based model M was manually segmented to remove the background (i.e. the desk). The
segmented object point cloud is then aligned with the template shape (the CAD model of the object)
via the ICP method. Finally, the accuracy of the object reconstruction procedure is quantitatively
evaluated using the DHD and MSD metrics.

The results of the plastic dataset are summarised in Table 4.4 (DHD metric) and Table 4.5 (MSD
metric). For each object, the best reconstruction result is highlighted in bold. The reconstructed

point clouds are visualised in Tables 4.6 to 4.9.
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Table 4.4: The results of 95% DHD (m) for the 20 plastic shapes (a)-(t).

(a) (b) (c) (d) (e)

ICP 0.026263 0.015433 0.030957 0.035989 0.026752
F2F RGB 0.037155 0.019017 0.019073 0.013822 0.026724
RGB-D | 0.017869 0.012039 0.014619 0.01047 0.010719
ICP 0.02542 0.00717 0.0099 0.016697 0.011374
F2M RGB 0.101428 0.01311 0.088712 0.020528 0.037909

RGB-D | 0.021983 0.013906 0.054671 0.013894 0.182116
RSO-SLAM RGB-D | 0.00914 0.00789 0.00997 0.00677 0.00815

® (2 (b) @ G)
ICP 0.013641 0.024496 0.030685 0.014668 0.032197
F2F RGB 0.007112 0.028716 0.043625 0.017533 0.015113
RGB-D | 0.00754 0.020985 0.026486 0.018615 0.011506
ICP 0.167794 0.018807 0.041831 0.025363 0.02766
F2M RGB 0.020632 0.083615 0.057836 0.040447 0.050014

RGB-D | 0.028787 0.084795 0.01274 0.106507 0.016637
RSO-SLAM RGB-D | 0.00669406  0.01601 0.01005 0.00973 0.00849

&) ©) (m) (n) (0)

ICP 0.025489 0.019005 0.029033 0.033979 0.013365
F2F RGB 0.017383 0.013448 0.018467 0.032525 0.017521

RGB-D | 0.015746 0.012753 0.013791 0.029621 0.011268

ICP 0.018539 0.019227 0.013115 0.028699 0.012546
F2M RGB 0.12286 0.023206 0.040695 0.050843 0.03071

RGB-D | 0.023931 0.010841 0.02891 0.043033 0.008795
RSO-SLAM RGB-D 0.01476 0.00720559 0.00973 0.01471 0.00802

(P) C)) (r) (s) ®

ICP 0.027642 0.04157 0.01641 0.043231 0.014216
F2F RGB 0.027398 0.033457 0.014833 0.011551 0.009494
RGB-D | 0.022301 0.028799 0.011376 0.011535 0.007394
ICP 0.020608 0.027054 0.00843 0.047724 0.015843
F2M RGB 0.102406 0.034966 0.034584 0.040352 0.076007

RGB-D | 0.042238 0.015094 0.013676 0.011537 0.0436
RSO-SLAM RGB-D 0.01652 0.0126 0.00902 0.00861 0.00547
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Table 4.5: The results of MSD (m) for the 20 plastic shapes (a)-(t).

(a) (b) (©) (d) (e)

ICP 0.009879 0.004979 0.012065 0.014729 0.012671

F2F RGB 0.014163 0.006997 0.007504 0.005365 0.010392

RGB-D | 0.007065 0.004499 0.00611 0.004042 0.004179

ICP 0.009123 0.003002 0.004713 0.004414 0.003868

F2M RGB 0.048178 0.004677 0.038913 0.006525 0.015332

RGB-D | 0.007724 0.004379 0.019199 0.005944 0.073023

RSO-SLAM RGB-D 0.00337 0.0027 0.0039 0.00244 0.00313
() (g) (h) (1) Q)

ICP 0.004704 0.007194 0.0096 0.004664 0.010812

F2F RGB 0.002916 0.009794 0.013796 0.005836 0.006045

RGB-D | 0.002962 0.007139 0.010989 0.005447 0.004531

ICP 0.031278 0.0064 0.0167 0.006024 0.007255

F2M RGB 0.007728 0.03744 0.025314 0.014009 0.01333

RGB-D | 0.009776 0.028787 0.004864 0.040076 0.004736

RSO-SLAM RGB-D | 0.00251235 0.00553 0.00406 0.00388 0.00328
(k) @ (m) (n) (0)

ICP 0.008064 0.004964 0.008764 0.015754 0.005365

F2F RGB 0.005921 0.004207 0.007243 0.014529 0.006856

RGB-D | 0.004748 0.003861 0.005527 0.012598 0.004678

ICP 0.006163 0.004545 0.00436 0.013003 0.004294

F2M RGB 0.057261 0.007309 0.01279 0.021929 0.009359

RGB-D | 0.007413 0.00347 0.008608 0.018855 0.003087

RSO-SLAM RGB-D 0.00427 0.00259115 0.00364 0.00667 0.00304
(p) (q) (r) (s) (t)

ICP 0.010273 0.012695 0.005844 0.019183 0.004425

F2F RGB 0.008576 0.011433 0.005332 0.004812 0.003336

RGB-D | 0.007269 0.009772 0.004387 0.004429 0.002797

ICP 0.006739 0.008436 0.003725 0.019213 0.005491

F2M RGB 0.039506 0.012277 0.008376 0.012405 0.026088

RGB-D | 0.016624 0.00571 0.003989 0.00416 0.017722

RSO-SLAM RGB-D 0.00443 0.00507 0.00339 0.00331 0.00212
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Table 4.6: Results of the reconstruction procedure - objects (a)-(e).
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Table 4.7: Results of the reconstruction procedure - objects (f)-(j).
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Table 4.8: Results of the reconstruction procedure - objects (k)-(0).
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Table 4.9: Results of the reconstruction procedure - objects (p)-(t).
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The F2F ICP method obtains poor reconstruction results on the plastic object dataset, as indi-
cated by the high DHD (95%) and MSD values in Table 4.4 and 4.5. The poor performance of the
F2F ICP method is also confirmed by the inconsistent and sometimes erroneous geometric structure
of the reconstructed objects in Tables 4.6 to 4.9. Poor geometric reconstruction results usually also
affect the quality of the camera trajectory estimation, due to the synergy between camera trajectory
and reconstructed structure. This result could not be verified due to the lack of a high-precision
motion capture system to accurately capture the ground-truth trajectory. Overall, the poor results
obtained using the F2F ICP method confirm the limitations of pure-geometric alignment (ICP al-
gorithm [40, 59]) in absence of clear textural elements that help the registration of the partial views

[162].

The F2F RGB camera tracking method shows similar results to those obtained by the F2F ICP.
Tables 4.6 to 4.9 show that the F2F RGB failed to correctly reconstruct 14 objects, e.g., (a), (c)-(e),
(g)-(h), (k), and (m)-(s), due to the unreliability of its photometric-only alignment. F2F RGB-D
method improves the performance of the F2F RGB method thanks to the use of depth information.
However, the performance of the F2F RGB-D method is still limited, as shown by the high values

of DHD and MSDin Table 4.4 and 4.5.

The F2M ICP method tracks the camera poses by aligning the depth image with the structure of
the global map model via the ICP algorithm with projective data association. This approach adopts
pure geometric alignment to avoid the photometric inconsistency caused by the reflective and shiny
objects. Similarly to the F2F ICP method, the F2M ICP struggles to reconstruct non-structured
scenes due to its pure geometric nature. Its reconstruction accuracy is still poor, as indicated by the
high DHD and MSD values obtained in Table 4.4 and 4.5. The F2M ICP method fails most notably

on the reconstruction of the shape of three plastic objects: (f), (h), and (s).

The F2M RGB and RGB-D methods (presented in Chapter 3) are based on photometric align-
ment and cannot handle photometric inconsistency. Hence, they fail to attain acceptable DHD and

MSD values on most of the shapes of the plastic object dataset.
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Finally, the RSO-SLAM approach demonstrates the effectiveness of the local photometric and
global geometric alignment approach for camera tracking. It succeeds in reconstructing the object
structures for all the shapes in the plastic object dataset, and obtains the lowest DHD and MSD

values in the results of Table 4.4 and 4.5.

4.3.4 Evaluation on Reflective Metallic Objects

This section tests the RSO-SLAM approach on the metallic object dataset. The results of the
quantitative evaluation are reported in the form of the DHD and MSD metrics in Table 4.10. The
reconstructed point clouds for the ten metallic shapes are visualised in Table 4.11 and Table 4.12.

Overall, it can be said that the results obtained by the various methods on the metallic objects
are consistent with those attained on the plastic object dataset.

The F2F ICP method failed to reconstruct the object structures as shown in Table 4.11 and
Table 4.12, and indicated by the high DHD and MSD values in Table 4.10. The causes of this
failure are the ill-posed task of pure geometric alignment in structureless scenes, and likely camera
drift in F2F tracking. Likewise, the F2M ICP approach based on pure geometric alignment fails to
obtain acceptable results.

Like in the case of plastic objects, the reconstruction results obtained on the shiny object set
using the F2F RGB and RGB-D methods are characterised by large errors (DHD and MSD values).

The F2M RGB and RGB-D methods fail on most of metallic shapes due to the photometric in-
consistency caused by the shiny surfaces. The corrupted structures suggest that the camera tracking
was lost during the alignment due to the photometric inconsistency between the global map model
and the images.

The RSO-SLAM demonstrates its effectiveness in reconstructing metallic shapes in this exper-
iment, as indicated by the correctly reconstructed shapes in in Table 4.11 and Table 4.12. The
RSO-SLAM also outperforms the control algorithms in terms of DHD and MSD values.

In summary, this experiment demonstrated the effectiveness of the novel RSO-SLAM for shiny
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object reconstruction. The RSO-SLAM method represents thus a practical solution using dense

RGB-D SLAM for industrial applications, where reconstruction of reflective and shiny objects is

problematic.

Table 4.10: The 95% DHD (m) and MSD (m) results for metallic object dataset.

DHD 95% (m)
@ (i) (ii1) (iv) v)
ICP 0.021336 0.0224527 0.021336 0.030116  0.0272505
F2F RGB 0.007655 0.0092218 0.007655 0.0229543  0.0110119
RGB-D | 0.008754  0.00841932  0.008754  0.0105228 0.00812235
ICP 0.016845 0.0190973 0.016845 0.0189532  0.0684275
F2M RGB 0.031874 0.0986946 0.031874 0.028615 0.0753718
RGB-D | 0.085538 0.191169 0.085538 0.162 0.0334283
RSO-SLAM RGB-D | 0.005362  0.00697608  0.005362  0.00596662 0.00577169
(vi) (vii) (viil) (1x) (x)
ICP 0.048109 0.0198746  0.0308096  0.0168487 0.019507
F2F RGB 0.0110385 0.00765861  0.0127435 0.023215 0.008672
RGB-D | 0.00843284 0.00616733 0.00954607 0.0128774 0.00674
ICP 0.0864617  0.0132094  0.0124602  0.0204451 0.021279
F2M RGB 0.0532087  0.0414908  0.0461073  0.0480687 0.060448
RGB-D | 0.0920755  0.0156055  0.0879676  0.0390895 0.043082
RSO-SLAM RGB-D | 0.00721699 0.00475508 0.00849157 0.00743441  0.005581
MSD (m)
) (i) (ii1) (iv) v)
ICP 0.005942 0.0077564 0.005942  0.0125659 0.00945766
F2F RGB 0.003142  0.00347618  0.003142  0.0106516  0.00500317
RGB-D | 0.003368  0.00306696  0.003368  0.00451081 0.00353009
ICP 0.005236 0.0063098 0.005236  0.0077813 0.030558
F2M RGB 0.010917 0.0357534 0.010917  0.00842847 0.0176336
RGB-D | 0.036577 0.0710295 0.036577 0.0635211  0.0126965
RSO-SLAM RGB-D | 0.002067  0.00275289  0.002067  0.00233407 0.00240821
(vi) (vii) (viii) (1x) (x)
ICP 0.0168978  0.00665205 0.00855945 0.00598901  0.007346
F2F RGB 0.003762  0.00317626 0.00503065 0.00874526  0.003567
RGB-D | 0.00303186 0.00251161 0.00349407 0.00466455  0.002817
ICP 0.0366566  0.00395702 0.00491499 0.00506884  0.007512
F2M RGB 0.02135 0.0166113  0.0154166  0.0178795 0.025813
RGB-D | 0.0390955 0.00544273 0.0317302  0.0115266 0.017047
RSO-SLAM RGB-D | 0.00277063 0.00222332 0.00303634 0.0028288  0.002287




Table 4.11: Visual images for the 5 reconstructed metallic shapes (i)-(v) presented in this table.
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Table 4.12: Visual images for the 5 reconstructed metallic shapes (vi)-(x) presented in this table.

(vi) (vil) (viii) (ix) (%)

F2F

RGB ICP

RGB-D

F2M

RGB ICP

RGB-D

RSO-SLAM

RGB-D

8L

SLOArd0O ANIHS ANV HAILLDHTAAY 404 WV'IS d-9D9d HSNAd v d41dVHO



4.3. RESULTS AND DISCUSSION 79

4.3.5 Case Study on an Industrial Product: Electric Vehicle Battery Recon-

struction

This study presents a case study involving an industrial product, the cover of an electric vehicle
battery. The cover is a common industrial object with metallic surfaces, and its reconstruction is
relevant to the field of remanufacturing in the rapidly expanding electric vehicle market. A picture

of the battery cover is shown in Figure 4.6.

Figure 4.6: The battery cover used in this case study.

From Figure 4.6, it can be said that the reconstruction task presents three main challenges using
dense RGB-D SLAM. 1) the metallic surface violates the assumption of photometric consistency:
as the camera moves, the bright and dark areas are not the same in the image sequence. That is,
the reconstruction system needs to handle inconsistent photometric patterns. 2) Camera drift and

loop closing of the camera trajectory: due to the large size of the battery cover and the limited field
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of view of the camera, the camera has to move circularly around the object to capture the whole
battery cover surface. The reconstruction system needs to close the camera trajectory correctly
and reduce camera drift. 3) non-structured information for camera pose estimation: due to the
limited field of view of the camera, some partial views of the object will include only the planar
structure of the battery cover. Thus, camera pose estimation might easily become ill-posed due
to the insufficient geometric constraints in the depth images. The reconstruction system needs to
handle the non-structured depth images in the image sequence.

The reconstructed shapes of the battery cover are visualised in Table 4.13 and 4.14.

Table 4.13: Reconstructed metallic battery cover images using F2F tracking methods.

Top view Side view

F2F ICP

F2F RGB

F2F RGB-D
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Table 4.14: Visual images of the reconstructed metallic battery cover using F2M methods.

Top view Side view

F2M ICP

F2M RGB

F2M RGB-D

our F2M RGB-D
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The pure geometric alignment approaches (i.e., F2F ICP and F2M ICP) fail to reconstruct the
shape of the battery cover. The two approaches are unable to handle non-structured information
(Challenge 3).

The F2F RGB and RGB-D approaches correctly reconstruct the structure of the battery cover
overall. However, as seen from the side views of the reconstructed object in Table 4.13, the structure
of the cover is not correctly closed. The inconsistent geometry indicates that camera drift occurs in
camera egomotion, thus, the camera trajectory is not accurately closed. Namely, the reconstruction
system fails to address Challenge 2.

The F2M RGB and RGB-D methods fail on the metallic battery cover and give erroneous
structures as seen in Table 4.14. The failure of the two approaches is mainly caused by their
inability to address Challenge I, namely the inconsistent photometric patterns in the sequence of
images.

The RSO-SLAM approach addresses all the three challenges in this task. The geometric struc-
ture of the battery cover is correctly reconstructed, since the local photometric alignment provides
auxiliary constraints for camera pose estimation in textureless scenes (addressing Challenge 3).
Moreover, the joint local photometric and global geometric alignment scheme effectively handles
shiny metallic surfaces (addressing Challenge I). That is, te shape of the battery cover is recon-
structed consistently and precisely, which indicates the accurate estimation of the camera trajec-
tory. The integrated F2M camera tracking reduces camera drift and tackles camera orbit closing
(addressing Challenge 2).

In summary, the industrial case study proves the excellence of the RSO-SLAM approach for

handling reflective and shiny objects.
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4.4 Conclusion

This chapter addressed the challenges of reflective and shiny object reconstruction using dense
RGB-D SLAM in industrial applications. The study generated a novel approach, RSO-SLAM, for
reflective and shiny object reconstruction, which performs F2M camera tracking approach with
joint local photometric and global geometric alignment. The RSO-SLAM was evaluated on a
plastic object dataset and a metallic object dataset, and compared with the state-of-the-art in the
literature. The experimental results show that the RSO-SLAM approach outperforms the control
methods, and excels in obtaining consistent and precise geometric structures of plastic and metallic
objects. A case study involving an electric vehicle battery cover demonstrated the superior perfor-

mance of the RSO-SLAM approach in the reconstruction of a common industrial product.
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Chapter 5

The SVD-Enhanced Bees Algorithm, a
Novel Procedure for Point Cloud

Registration

This chapter tackles object localisation as the problem of point cloud registration, and proposes a
novel procedure using the SVD-enhanced Bees Algorithm. Section 5.1 formulates the problem of
point cloud registration as a process of minimising an objective function. Section 5.2 describes
the encoding scheme and assessment of the candidate solutions. Section 5.3 introduces the classic
ICP algorithm for point cloud registration. Section 5.4 presents the standard Bees Algorithm and
the SVD-enhanced global optimisation mechanism. Section 5.5 introduces the control algorithms,
including Evolutionary Algorithm and Particle Swarm Optimisation that will be used for compari-
son. Section 5.6 and Section 5.7 present the experimental set-up and results. Section 5.8 discusses

the findings of the experimental results.

85
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5.1 Problem Formulation

Point cloud registration is the problem of estimating the spatial transformation that aligns two point

clouds.

Formally, given a point cloud X = {x; | i = 1,..., N} (the source) and a point cloud ) =
{y; |7 =1,..., M} (the target), the objective of 3D registration is to find the rigid transformation
T = T,,, namely the rotation matrix R = R, and translation vector ¢ = ¢, that minimises function
E:

T, = arg min (T, X, Y) (5.1)

where £ is the L2-norm point-to-point mean square error function
N
E(T,X,Y) = N;Hcpi— (R-z; + )| (5.2)
and cp; is the closest point in ) to the transformation y; = (R - «; + t) of vector ;. That is:

cp; = arg min ly; — yjl[; = arg min [|y; — (Ra; + 1|3 (5-3)

yj€Y y; €Y

Equation (5.3) is used to drive the nearest neighbour search process and find the closest point
correspondence between X and ). This is a well designed method for local registration and has
been adopted widely for the ICP algorithm and its variants. It has been shown that the error function

& described in Equation (5.2) is non-convex [135].

5.2 Candidate Solutions

This section describes how the candidate solutions are encoded and evaluated.
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5.2.1 Encoding Scheme

A transformation 7" for point cloud registration contains a 3 X 3 rotation matrix /2 and a 3D trans-

lation vector t = (1, t5,t3)T. It is usually represented by the 3D Special Euclidean group SE(3):

SE3) ={T|T = et ,RTR =1, det(R) = 1} (5.4)
0F 1

The rotation matrix is difficult to use directly in optimisation problems, since it has 3 x 3
elements, but only 3 degrees of freedom following the application of the two constraints in Equa-
tion (5.4). It is important to encode the rotation component of SE(3) into a vector without con-
straints for the BA.

In this study, angle-axis vector encoding is adopted to represent the rotation matrix. The angle-
axis vector is an unconstrained 3D vector 7 = (ry, 75, 3)”. The direction of this vector r represents
the rotation axis of R, which is a unit vector n = r/|r|. The modulus of r represents the rotation
angle of R, which is a scalar §# = |r|. The transformation between the encoded rotation vector 7,
and the rotation matrix R is implemented by Rodrigues’ rotation formula [163].

Equation (5.5) shows the transformation from r to R:
R = cos0I + (1 — cos0)rr’ + sin 6r" (5.5)

where I is the identity matrix, and 7" is the skew-symmetric matrix of vector r, that is, 7" =
7]«

The rotation vector r can be computed from R:

6 = arccos <¢) , Rn=n (5.6)

where n is the eigenvector of R corresponding to the eigenvalue 1. Thus, r» = 6n.
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A candidate solution ¢ € R (i.e. a rigid transformation T' = Tp) is encoded by concatenating

its rotation vector r = r¢ € R3 and translation vector ¢ = te € R3:

E=[r{ ti]" = [re,re2, res  ter, tea, tes] (5.7)

The main advantage of the proposed encoding scheme is the possibility of modifying & without

considering the constraints on the rotation matrix R.

5.2.2 Assessment of the Candidate Solutions - The Cost Function

The cost associated to a candidate solution £ is defined as the point-to-point mean square error (L2
norm error metric) between the rigid transformation T¢ of the source point cloud X = {z;} and

the target point cloud ) = {y;}. It is calculated using Equation (5.2):

As stated in Section 5.1, the goal of the registration process is to find the solution p that minimises

function F.

5.3 Point Cloud Registration via ICP

This section describes the standard ICP algorithm for point cloud registration.

5.3.1 SVD Procedure for 3D Point Cloud Registration

SVD is used in ICP to obtain a closed-form solution to the least squares fitting problem for two 3D
point sets under given point correspondences [41].
Given a source point cloud X = {«;} and a target point cloud Y = {y;} (1 < i < N), using the

cost function formulated in Equation (5.8), the least squares fitting of the two point clouds under
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given point correspondences is equal to:

N
* : 1 2
T = arngmN E |ly; — Tx;||5, T € SE(3) (5.9)

i=1

The first step is to find the centroid of the source and target point clouds:

1 & 1 &
T=— T, Y= Yi (5.10)
DDA DY

Once the two centroids have been calculated, the correlation matrix between the two point

clouds is calculated as follows:

N
H=) (z;—x)(y; —9)* (5.11)
=1

The correlation matrix H is decomposed into H = UXV, where X is a diagonal matrix,
and U and V are two unitary matrices. The SVD operation gives the closed-form solution for the
rotation component of the transformation R = VU?. The translation component is computed
ast = y — Rx. The two components R and ¢ form the rigid transformation T" described in
Equation (5.4).

If det(R) = —1, the algorithm fails. Otherwise, the algorithm returns the least squares estima-

tion of the rigid transformation for two input point sets.

5.3.2 The Iterative Closest Point (ICP) Algorithm

The ICP algorithm [39, 40] is a local optimisation method for point cloud registration. The proce-
dure is based on the iterative estimation of the rigid transformation that best aligns two given point
clouds X (the source) and ) (the target). The ICP is terminated when either a solution of residual
error smaller than a pre-set threshold e is found, or a pre-set number 7 of cycles has elapsed.

The flowchart of the ICP algorithm is visualised in Figure 5.1.



90 CHAPTER 5. SVD-ENHANCED BA, A NOVEL PROCEDURE FOR PC REGISTRATION

/ Input: two point clouds X, Y, /
and an initial estimate T =T,
Transform X ir:to X, using T,
Find the closest-point corresrl:aondence between X; and Y
Set:izlgndeTo

¥
Compute AT which aligns X; and Y using SVD
¥

Transform X into X, using AT
!

Find the closest-point correspondence between X;,; and Y

]
Compute the ICP cost ¢ = F(AT, X;,Y)
i
Update: T=AT xT,i=i+1
Stop?
Yes No
/ Solution: T

Figure 5.1: Flowchart of the ICP algorithm.
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The procedure in Figure 5.1 is described by the following pseudocode:

1. Given two point clouds &X', ), and an initial estimate 7§ of the rigid trans-

formation that aligns them;
2. Compute X} =T x X;
3. Find the closest-point correspondence between X; and )V;
4. Set T = Tp;
5. Set? =1;
6. Set stop = false
7. do until stop = false

(a) Compute the transformation AT which aligns X; and ) using SVD;
(b) COmpute Xi-i—l — AT X XL’

(c) Find the closest-point correspondence between X, and ) using

Equation (5.3);
(d) Compute the cost c = F(AT, &;,)) using Equation (5.8);
(e) SetT = AT x T,
) Seti=17+1;
(g) IF ((c > €) OR (2 < 7)) THEN stop = true

(h) gotostep 7

8. Output the solution 7" and terminate.
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5.4 Point Cloud Registration Using the Bees Algorithm

The BA is a popular metaheuristic for optimisation problems [164] that simulates the food foraging
behaviour of honeybee colonies in nature. The BA was first proposed by Pham et al. [42], and
its standard version was described by Pham and Castellani [43]. The behaviour of the BA was
experimentally studied by Pham and Castellani [165, 166] and mathematically analysed by Baronti

et al. [167].

5.4.1 Bee Foraging Mechanism in Nature

A biological bee colony uses a portion of the population as scouts to randomly explore the envi-
ronment looking for food sources (flower patches). The scout bees assess the quality of the found
food sources in terms of the availability, nutritional content, and ease of extraction of their pollen
or nectar content. Once returned to the hive, scouts who found a profitable food source share this
information with idle mates via the waggle dance. The waggle dance communicates the position
and distance of the find, and stimulates onlookers to join the dancer in harvesting the advertised
flower patch. High quality food sources elicit long and vigorous dances, which will be noticed
by a large number of idle bees. Following this mechanism, the most profitable food sources are

harvested by the largest share of the bee population.

5.4.2 The Standard Bees Algorithm

In this study, the BA uses the encoding method and cost function described in Section 5.2.1 and
Section 5.2.2. Each artificial bee lands on a candidate solution & represented by the 6-dimensional
vector described in Equation (5.7). The goodness of this solution is evaluated based on the residual
error in the registration of the two point clouds. This error is calculated using the cost function

described in Equation (5.8). The standard BA is summarised in the below flowchart.



5.4. POINT CLOUD REGISTRATION USING THE BEES ALGORITHM 93

| Random initialisation |

| Waggle dance |+
|

¥ [ ]
[ Local Search | | Global Search |

i !
| Neighbourhood shrinking | [ Site abandonment |
| I

)
Population update

Stop?

Yes

No

Figure 5.2: The standard Bees Algorithm.

The artificial bee colony is initialised with n scout bees (the whole colony) randomly scattered
with uniform probability onto the solution space. The solutions visited by these scouts are evaluated
and ranked by their residual errors (cost value). The BA then enters the main cycle, which begins
with the waggle dance procedure. The waggle dance is implemented as follows: the scouts who
found the top ranked solutions recruit foragers for local exploitative search, whilst the remaining
scouts keep on performing random explorative search. The top nb solutions are defined as the
best sites and undergo local exploitative search. Local search is carried out in a neighbourhood
(customarily a hypercube) centred on the solution found by the scout. In analogy with the biological
model, the local neighbourhood is often called a flower patch. Amongst the best sites, the best
ne < nb are called the elite sites. Each scout that visited an elite site recruits nre foragers for local
search, whilst the scouts that visited the remaining nb — ne best sites recruit nrb < nre foragers.
In this study, all sites are allocated the same sampling opportunities, that is ne = 0.

During the local search, if a forager lands on a solution of lower residual error than the solution

found by the scout, that forager will replace the scout in the next recruitment cycle (waggle dance).
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If more than one forager lands on a solution of lower error than the solution found by the scout, the
forager that found best solution (lowest error) will replace the scout. If all foragers in a flower patch
failed to find a better solution, the size of the neighbourhood is shrunk by a factor ¢ (neighbourhood

shrinking procedure) [43]. That is:

nghiy1 = c-nghg, 0 <c<1 (5.12)

where nghy is the size of the neighbourhood at BA cycle k. Also, a stagnation counter keeps
track of the number of consecutive cycles where local search fails to yield better solutions in a
flower patch. After a pre-defined number of consecutive cycles of stagnation (stlim), the local
search is deemed to have found the local error minimum, and the flower patch is abandoned (site
abandonment procedure) [43]. If the local optimum is the best-so-far, it will be kept in memory
as the current solution. Site abandonment prevents the algorithm from remaining stuck in local

minima of error.

The ns scout bees not taking part in the recruitment process are used for explorative search.
Explorative search is implemented through random uniform sampling of the solution space. In
summary, during the main cycle of the BA ne x nre 4+ (nb — ne) x nrb artificial bees (the foragers)
are employed for local exploitative search, and the remaining ns artificial bees (the scouts) are

employed for random explorative search. The total bee colony population is thus:

n =ne X nre + (nb — ne) x nrb + ns (5.13)

The BA repeats cycles of local and random search until a given stopping criterion is met. In
this study, the algorithm is terminated when either a solution of residual error smaller than a pre-set
threshold ¢ is found, or a pre-set number 7" of cycles has elapsed. The first condition describes the
level of point cloud registration accuracy that is deemed acceptable. The second condition limits

the extent of the computational run time. At the end of the procedure, the best solution found during
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the search is returned as the final solution to the optimisation problem.

5.4.3 The SVD-Enhanced Bees Algorithm for Point Cloud Registration

In this study, the SVD algorithm is used as a problem-specific operator to speed up the convergence
of neighbourhood search to the local minima, increasing the efficiency of the BA optimisation
procedure. It is also used to improve the accuracy of the solutions found via global search. In this
latter case, the use of SVD is particularly helpful, since randomly generated solutions via global

search are unlikely to be competitive against the results of consecutive cycles of local search.

In detail, one cycle of the SVD procedure is applied to all the solutions visited by the foragers.
That is, SVD is applied to all the ne x nre + (nb — ne) x nrb solutions visited in the local search
step, and all ns solutions found via random global search. The flowchart of the SVD-enhanced BA

is shown in Figure 5.3.

| Random initialisation |

| Waggle dance |+
|

¥ [
| Local Search | | Global Search |

| svwb | | svw |
]

¥ ¥
| Neighbourhood shrinking | [ Site abandonment |
I I

v
Population update

Stop?

Yes

No

Figure 5.3: Bees Algorithm with SVD operation. At each cycle of the procedure, the solutions
found via local and are improved by one cycle of SVD.
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5.5 Control Algorithms

This section describes the EA and PSO procedures that will be used to benchmark the performance

of the Bees Algorithm.

5.5.1 Evolutionary Algorithm for Point Cloud Registration

EAs are a class of metaheuristics inspired by the natural adaptation of species in nature. EA ter-
minology heavily borrows from the biological model. Differently from the BA, EAs do not use
artificial agents to probe the solution space, but directly work on the candidate solutions. These
solutions are often referred to as individuals, and are typically represented as strings of variables
called chromosomes. Each variable (gene) is defined within a discrete or continuous range of
values (alleles), and represents a feature of the solution. More complex encodings are possible,
according to the problem domain and EA paradigm used. For a detailed description of the evolu-
tionary schemes and operators used in this study, the reader is referred to the specialised literature
[136, 168]

New candidate solutions (offspring) are generated by mixing and modifying the features of
existing solutions (parents), using operators modelled on biological mechanisms of genetic recom-
bination and mutation. These operators act on the chromosomes of the parents. Namely, recombi-
nation (crossover) creates new individuals by randomly mixing the features (alleles) of two parents,
whilst mutation randomly modifies one or more individual features. Mimicking biological compe-
tition for mating, EAs allocate higher chances of reproduction to the best performing solutions.

The EA used in this study initialises the population of candidate solutions by randomly sam-
pling with uniform probability the search space. The population is encoded using the vector rep-
resentation described in Section 5.2.1, and evaluated employing the cost function defined in Sec-
tion 5.2.2. After the initialisation phase, the algorithm enters the main cycle. The population is

evaluated and ranked in ascending order of cost (error). The individuals are allocated reproduc-
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tion opportunities proportionally to their position in the ranking (fitness ranking selection scheme).
According to this scheme, the best elements in the population can be mated to several other indi-
viduals.

The mated parents reproduce via one-point crossover (80% probability) or cloning. The chro-
mosomes of the offspring may also undergo genetic mutation. Mutations are implemented by
changing the allele of one randomly picked gene of an amount randomly sampled with uniform
probability in a small interval [—6, 0]. The width 24 of the interval is defined for each variable ¢ as
follows:

where ¢ is a system parameter and w; = [min;, max;] is the width of the interval where variable i
is defined.

At the end of every iteration (generation) of the main evolutionary cycle, the current population
is completely replaced by the new individuals (offspring) generated during the reproduction process
(generational replacement scheme), except for the best individual which is copied into the new
population (elitism). Cycles of selection, reproduction, and population replacement are repeated
until the stopping criterion is met. To ensure the comparability of the results, the EA uses the same
stopping criterion employed by the BA (Section 5.4.2). The flowchart of the EA used in this study
is shown in Figure 5.4.

Silva et al. [138] proposed a GA with added local search heuristics. According to this scheme,
at the beginning of each evolutionary cycle the alignment of the best individual in the population is
refined via a number of stochastic hill-climbing steps. Given a candidate solution x, hill-climbing
creates a new solution =’ by randomly perturbing the features (alleles) of = of a small offset, ran-
domly sampled with uniform probability in the interval [—dp., 0pc|. If the cost of 2’ is smaller than
the cost of x (F(z') < F(x)), 2’ replaces x as the current solution. A more computational efficient
refinement method was devised by Zhu et al. [140], who used a few steps of the SVD procedure

to improve the alignment of newly generated offspring. The aim of these hybrid algorithms is to
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speed up the evolutionary search with some cycles of local exploitative search.

In this study, two hybrid EAs are tested, the first employing hill-climbing (EA with HC) and the
second the SVD operator (EA with SVD). Both local search procedures are performed on the newly
generated offspring as an additional operator after mutation (see Figure 5.4). For each offspring,

ten cycles of hill-climbing are performed, whilst SVD is performed only once.

Random Initialisation

A4

Fitness Evaluation

!

Selection

'

Genetic Recombination

!

Genetic Mutation

!

Population Replacement

v

< STOP?

Solution

Figure 5.4: Standard EA.

5.5.2 Particle Swarm Optimisation for Point Cloud Registration

PSO is arguably the best known swarm intelligence algorithm for continuous optimisation prob-
lems. Inspired by the behaviour of bird flocks, PSO simulates a simplified social model [45] where
each agent is thought of as a particle. Particles move in the solution space based on their past
movements (persistence term), past experience (individual term), and their social neighbour’s ex-

perience (social term). These three terms are represented in the equation determining the velocity
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of a particle at iteration ¢ of the algorithm main cycle:

vit+1) =w(t) - vi(t)+cp-rp- (pi —xi(t)) + g 14 (95 — x:i(t)) (5.15)

where v;(t) is the component in the " variable of the particle velocity at time ¢, ¢, and ¢, are
two system parameters weighting the contribution of respectively the individual and global term,
and r, and r, are random numbers drawn with uniform probability in the interval [0,1]. The
position at cycle ¢ of the particle in the n-dimensional search space is defined by the vector
x = [z1(t),...,z,(t)], whilst the best-so-far solution visited by the particle is indicated by the
vector p = [pi(t), ..., pn(t)] (personal best). Analogously, the best-so-far solution visited by the
social neighbours of the particle is indicated by the vector g = [g1(t), . .., gn(t)] (neighbourhood
best). Finally, the parameter w(t) is the inertial weight of the particle, and is linearly decreased
with time according to the strategy devised by Wongkhuenkaew et al. [153].

In summary, the three terms on the right-hand side of Equation (5.15) describe how the velocity
of the individuals is determined by the tendency to maintain the current direction (persistence term),
tendency to return to the best-so-far found (individual term), and tendency to move towards the best
solution found by the social neighbours (social term). In this study, the social neighbourhood of
the particles correspond to the whole swarm. That is, the swarm is fully connected. The weight of
the persistence term is decreased to facilitate the convergence of the swarm towards the global best
towards the end of the search.

Once the velocity has been determined for each particle, the position is updated according to

traditional Newton’s mechanics (At = 1):

PSO randomly initialises the position and velocity of the particles in the solution space. The al-

gorithm enters then the main loop where the cost of the solutions where the particles currently lie is
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evaluated. The personal and neighbourhood bests are then updated, and the new position and veloc-
ity of the particles is calculated. The speed of the particles is unbounded for the linear components
of the vector in Equation (5.7), and limited to 27 per cycle for the rotational components.

PSO uses the same stopping criterion employed by the BA (Section 5.4.2) and EA. The flowchart
of the standard algorithm is shown in Figure 5.5. In point cloud registration applications, also PSO
was hybridised with local search algorithms such as SVD [153]. This approach was replicated in

this study: one cycle of the SVD procedure was run on all particles after their position was updated.

Random initialisation

| Fithess elvaluation |-—
Update perl:aonal bests
Update glf:nbal bests
Update positiolns & velocities

<S>,

Yes
Solution

Figure 5.5: Standard PSO algorithm.

5.6 Experimental Set-Up

The performance of the proposed SVD-enhanced BA was compared to the performance of a number
of state-of-the-art optimisation procedures and hybrids: the ICP algorithm [39, 40], the standard
BA [43], an EA [136], an hill-climbing enhanced EA-HC as proposed by Silva et al. [138], an SVD
enhanced EA-SVD as proposed by Zhu et al. [140], the standard PSO algorithm [45], and an SVD

enhanced PSO-SVD [153].
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. Horse

Figure 5.6: Shapes used in the experiments to test the performance of the registration algorithms.
Shapes 1-4 were taken from the Stanford 3D Scanning Repository, Shape 5 from the Large Geo-
metric Models Archive at Georgia Tech, Shapes 6-10 from the ModelNet repository.

5.6.1 Datasets

Ten shapes were used to evaluate the performance of the registration algorithms. They are shown in
Figure 5.6. The Armadillo, Bunny, Dragon and Lucy statue shapes were taken from the Stanford 3D
scanning repository [169]. The Horse shape was taken from the Large Geometric Models Archive
at Georgia Tech, and the rest of the shapes were taken from the popular ModelNet repository [170].

A target model of 10* points was sampled from the surface of each shape. This target point
cloud was used to generate 100 source models of 10* data points via random rigid transformations.
All point clouds were bounded in a cube of size [—1000, 1000]® units, and their centre was placed
at the origin of the Cartesian reference system.

The goal for the registration algorithms was to find the rigid transformation aligning the source
to the target point cloud. In total, the set of point clouds employed in the experiments consisted of
10 shapes x 100 models = 1000 elements, each element being composed of 10* points. In addition
to this set of noise-free point clouds (clean data set), five more data sets were generated to test the
robustness of the algorithms to noisy models (noisy sets). These latter sets were created to take

into account that real data scans are affected by some level of sensor imprecision. The noisy sets
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Figure 5.7: The Bunny point cloud corrupted with various levels noise, from 3% to 15% (left to
right) in steps of 3%.

included corrupt duplicates of all the point clouds of the clean set, that is 1000 elements.

The noisy models were generated by randomly perturbing the position of the points in the cloud
by a small amount ¢,,. This amount was sampled for each variable (gene) ¢ with uniform probability
in a preset interval:

Opi ~ p - [min;, max;) (5.17)

where p is a system parameter (noise level), and w; = [min;, maz;| is the interval where variable ¢
is defined. Five noisy sets were generated, one for each of the following values of the noise level
p: 0.03 (3% noise), 0.06, 0.09, 0.12, and 0.15. An example of point cloud corrupted with various

levels of noise is shown in Figure 5.7.

5.6.2 Parameter Settings

The hyperparameters defining the behaviour of the metaheuristics were optimised via extensive
trial and error, and kept fixed across all the sets of experiments. They are listed for each algorithm
in Table 5.1.

To ensure that all the metaheuristics were given the same sampling opportunities, the BA, EA,
and PSO used the same number n of agents (henceforth referred to as the population size), and their

duration was limited by the same termination criterion. The hybrid algorithms had the advantage
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of the additional extra step of local exploitative search, which was performed on all solutions. This

extra step was deterministic in the case of the SVD-based procedures, or relied on extra sampling

of the solution space for the EA-HC hybrid.

Table 5.1: Hyperparameter setting of the 3D point cloud registration algorithms.

Common parameters
maximum number of iterations 7' 100
convergence threshold (¢) - clean set 0.01
convergence threshold () - noisy sets 100
population size n 10, 20, 30, 40
SVD cycles in hybrid algorithms 1
BA hyperparameters
stagnation limit (stlim) 10
neighbourhood shrinking rate (c) 0.8
n ne nb nre nrb ns
2 - 1 - 1 1
4 - 2 - 1 2
6 - 2 - 2 2
8 - 2 - 2 4
10 - 2 - 2 6
20 - 4 - 3 8
30 - 5 - 4 10
40 - 6 - 5 10
EA and hillclimbing hyperparameters
mutation rate 0.4
mutation width ¢ 0.1
crossover rate 0.8
selection strategy fitness ranking
replacement scheme generational replacement with elitism
hillclimbing cycles 10
hillcimbing scope 0. 0.5
PSO hyperparameters
inertial weight strategy linear decrease
initial inertial weight (w;,q2) 0.7298
personal learning rate (c) 1.0
global learning rate (c,) 1.0
swarm connectivity fully connected
max component of particle velocity in variable 7 21 [cycle
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5.7 Experimental Results

In this study, the consistency, precision, and robustness to noise of the SVD-enhanced BA was
investigated, and the results compared to those obtained using ICP, EA, EA-HC, EA-SVD, PSO,

PSO-SVD and the standard BA. This section presents the results of the experiments.

5.7.1 Consistency

Consistency relates to the success rate of the point cloud registration procedure. That is, the reg-
istration process may return an erroneous transformation with high residual error if the search
converges to a local minimum. In this case, the erroneous transformation is marked as a failure.
For the clean dataset, a registration attempt was considered successful if the cost F defined in
Equation (5.8) was smaller than the empirically set threshold ; < 0.01.

In summary, the consistency of a registration algorithm depends on its search capability and
susceptibility to get trapped into local optima, and is defined as the percentage of successful regis-

tration trials:
number of success ful runs

consistency = x 100 (5.18)

number of total runs

where the number of total runs is equal to 1000, that is the size of the clean data set.

In this study, the consistency of the algorithms was evaluated versus the population size. Given
a fixed number of main cycle iterations, the population size defines how intensively the algorithm
samples the solution space. It also defines the computational effort and hence the algorithm execu-
tion time. In the experiments, the population size for the EA, EA-HC, EA-SVD, PSO, PSO-SVD,
BA and BA-SVD was increased from 10 to 40 individuals in steps of 10. To provide additional
information on the capabilities of the SVD-enhanced BA, the consistency of the algorithm was also
tested at smaller population sizes ranging from 2 to 10 in steps of 2. Table 5.2 details the results

obtained by the tested metaheuristics and ICP. The results are also visualised in Figure 5.8.
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Figure 5.8: Success rate of the algorithms versus the population size.
Table 5.2: Success rates of the algorithms at different population sizes.
ICP 70.7%
Population size
2 4 6 8 10 20 30 40
EA - - - - 802% 89.7%  929%  95.1%
EA HC - - - - 842% 89.8% 91.6% 95.4%
EA SVD - - - - 84.4% 89.9% 932% 95.8%
PSO - - - - 60.3% 75.0% 82.5%  87.5%
PSO SVD - - - - 91.9% 96.6% 97.8%  98.9%
BA - - - - 76.1% 857%  929%  98.0%
BA with SVD | 73.5% 983% 993% 99.6% 999% 100% 100% 100%
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Overall, the results of the tests confirm that ICP is prone to suboptimal convergence. In terms
of consistency, ICP was outperformed by all the metaheuristics, particularly when the latter were
configured to use the highest values of population size. Population size was thus pivotal in deter-
mining the exploration capability of the algorithms, and consequently their ability to find the global
optimum.

The standard EA performed comparatively well, particularly at low population sizes. Hybridi-
sation with hill-climbing and SVD did not appear to significantly improve the performance of the
EA. The standard PSO performed poorly compared to the standard EA and BA. Hybridisation with
SVD dramatically improved its performance, lifting the success rate of PSO to nearly 100% for
population sizes of 20 or more particles.

The performance of the standard BA was comparable to the performance of the standard EA,
and superior to the standard PSO algorithm. Hybridisation had a major effect on the performance
of the BA. The SVD-enhanced BA achieved a success rate very close to 100% using as few as
8 artificial bees, and a 100% success rate using 20 or more artificial bees. For the remaining
of the experiments, 20 individuals will be set as the common value for the population size for
all metaheuristics. Employing as few as 6 individuals, the SVD-enhanced BA achieved a higher
success rate (99.3%) than any other algorithm regardless of its population size.

The significance of the differences in performance (Table 5.2) between the proposed SVD-
enhanced BA and the other algorithms was statistically analysed. Given the categorical nature of
the variable (success/failure), pairwise chi-square (?) tests were used for the analysis. The results
(p-values) of the y? tests are reported in Tables 5.3 to 5.5.

Table 5.3 reports the significance of the differences in performance between the standard BA
and the SVD-enhanced BA. The table shows that the hybrid algorithm significantly outperformed

(i.e. the null hypothesis is rejected) the standard version for any value of the colony size.
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Table 5.3: BA-SVD vs. standard BA consistency: results of the pairwise 2 tests. The null hypoth-
esis (no difference) is rejected for p-values smaller than 0.05.

BA
10 20 30 40
10 0 0 0 0
20 0 0 0 0
BA-SVD
30 0 0 0 0
40 0 0 0 0

Table 5.4: Consistency of BA vs. ICP, PSO and EA: results of the pairwise x? tests. The null
hypothesis (no difference) is rejected for p-values smaller than 0.05.

PSO EA
ICP
10 20 30 40 10 20 30 40
10 | 0.0073 0 0.6029  0.0005 0 0.0304 0 0 0
BA 20 0 0 0 0.0580 0.2645 | 0.0013 0.0079 0 0
30 0 0 0 0 0 0 0.0139 1 0.0480
40 0 0 0 0 0 0 0 0 0.0006

Table 5.5: Consistency of BA-SVD vs. EA and PSO hybrid algorithms: results of the pairwise >
tests. The null hypothesis (no difference) is rejected for p-values smaller than 0.05.

EA-HC EA-SVD PSO-SVD
10 20 30 40 10 20 30 40 10 20 30 40

210 0 O 0 0O 0 O 0 0 0 0 0
4170 0 0 00003, 0 0 O 0.0015| 0 0.2323 05177 0.3413
60 0 O 0 0 0 O 0 0 0 0.0088 0.4775
BALSVD 810 0 O 0 0O 0 O 0 0 0 0.0008 0.1199
10,0 0 O 0 0 0 O 0 0 0 0 0.0091
2000 0 O 0 0 0 O 0 0 0 0 0.0025
3000 0 O 0 0O 0 O 0 0 0 0 0.0025
40,10 0 O 0 0 0 O 0 0 0 0 0.0025
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Table 5.4 reports the differences in performance between the standard BA versus ICP, the stan-
dard EA, and PSO. At a 5% level of significance, the performance of the ICP algorithm is signifi-
cantly inferior to the performance of the BA. The BA also generally outperformed PSO, unless the
latter used a larger population size. No PSO configuration was competitive with the BA when the
latter employed at least 30 artificial bees. The results were more mixed in the comparison between
the standard BA and the EA, with the former excelling at high and the latter at low population sizes.
In general, the p-values reported in Table 5.4 indicate that the differences in the results shown in
Table 5.2 are in most cases significant.

Finally, Table 5.5 reports the significance of the differences in performance between the SVD-
enhanced BA and the other hybrid algorithms. For colony sizes of 10 or more, the BA-SVD perfor-
mance is significantly superior to the performance of the other hybrids, regardless of the population

size the latter used.

5.7.2 Precision

The precision of the algorithms was evaluated as the average residual error of the final solutions,
where the residual error is the cost value F defined in Equation (5.8). A low residual error indicates
that the two point clouds are well aligned, whilst a high residual error indicates a failure of the
algorithm to align the two point clouds.

The 8 algorithms were run on the clean dataset, using a common population size of 20 in-
dividuals (see Section 5.7.1). For each run, the cost of the final solution was recorded and the
overall results statistically analysed. The descriptive statistics of the experiments are plotted on a

logarithmic scale in Figure 5.9, and tabulated in Table 5.6.
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The Distribution of Residual Error of the Algorithms
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Figure 5.9: The distribution of the residual error of the solutions obtained by the registration algo-
rithms for the clean set. The residual error (Y -axis) is plotted on a logarithmic scale.

Table 5.6: Spread of the residual errors obtained by the registration algorithms. From left to right:
minimum, median, maximum value, and inter-quartile range (IQR).

min. median max. IQR
ICP 2.49 x 107? 5.70 x 1077 1.93 x 10* 1.68 x 103
EA 0.42 59.33 1.43 x 10* 83.84
EA-HC 0.10 37.82 1.34 x 10* 50.53
EA-SVD 1.29 x 107 5.06 x 107° 1.23 x 104 1.6 x 1073
PSO 3.83 x 1076 9.14 x 1074 8.28 x 103 109.86
PSO-SVD 5.94 x 10710 6.72 x 107° 6.55 x 10° 3.04 x 1074
BA 8.20 x 1073 65.17 4.75 x 10° 179.59
BA with SVD 2.76 x 1078 3.23 x 1074 9.96 x 1073 1.8 x 1073
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As Figure 5.9 shows, the performance of the ICP algorithm is characterised by a large spread
(a long tail) in the distribution of the results. This spread was due to the numerous runs where the
algorithm converged to a local minimum. When it found the global optimum, thanks to its greedy
search strategy ICP was able to align very accurately the two point clouds. This ability is reflected

in the very small (10~7) magnitude of the average (median) error.

The standard metaheuristics obtained far more consistent results than ICP. This ability was
evidenced by the small inter-quartile range (IQR) of the average cost of the final solutions, which
is one order of magnitude smaller than the range obtained by ICP. However, due to the stochastic
nature of the search, on average the standard metaheuristics were not able to align the point clouds
with the same precision as ICP. In general, the EA and BA were less precise (greater average cost)
but more consistent (smaller spread) than PSO. It should also be remarked that below the ¢ = 102

convergence threshold, differences in precision are not visually appreciable.

Also, although the hybrid EA-HC was more precise than the standard EA, it was still not able
to compete with ICP in terms of precision of alignment. This shortcoming was due to the stochastic

nature of hill-climbing.

The SVD-enhanced metaheuristics confirmed the validity of the hybrid approach, combining
the consistency of the population-based global search (small IQR) with the accuracy of the least
squares method (low average cost). The plot in Figure 5.9 shows that all the final solutions obtained
by the BA-SVD have a residual error inferior to 102, that is the algorithm obtains a 100% success

rate.

The statistical significance of the differences in the precision results was statistically analysed.
In this case, due to the numerical nature of the variables, Mann-Whitney significance tests were
used. The results (p-values) of the Mann-Whitney tests are reported in Table 5.7. Considering
a 5% level of significance, the performance of the BA-SVD algorithm is clearly superior to the

performance of all the other algorithms.



5.7. EXPERIMENTAL RESULTS 111

Table 5.7: Precision of the registration algorithms: results of pairwise Mann-Whitney significance
tests. The null hypothesis (no difference) is rejected for p-values smaller than 0.05

EA EA-HC EA-SVD PSO PSO-SVD BA  BA-SVD
ICP 0 0 0 0 0 0 0
EA - 0 0 0 0 0.5461 0
EA-HC - - 0 0 0 0 0
EA-SVD - - - 0 0.6127 0 0
PSO - - - - 0 0 0
PSO-SVD | - - - - - 0 0
BA - - - - - - 0

5.7.3 Robustness to Noise

The registration algorithms were tested on the five noisy data sets defined in Section 5.6.1. As
discussed in Section 5.7.1, the population size of the metaheuristics was fixed to 20 individuals.
The success rates of the algorithms on the noisy data sets are detailed in Table 5.8 and visualised
in Figure 5.10.

The introduction of noise had a major effect on the success rate of ICP, which was degraded to
less than 50%. Conversely, all the metaheuristics showed a remarkable resilience to noise, obtaining
performances substantially similar to those obtained on the noise-free clean set. However, it should
be remembered that in this last set of tests, in order to take into account the impossibility of perfectly
aligning a noisy point cloud, the maximum error threshold to consider an alignment trial successful
was raised from 0.01 to 100. The success rates obtained on the clean and noisy data sets should
thus be compared with care.

As the noise level was increased, the success rate of ICP slightly decreased, whilst the perfor-
mance of the standard PSO and BA slightly improved. This perhaps counter-intuitive latter result

might be explained with the fact that noise could have smoothed the error landscape. The success
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rate of the other algorithms, and in particular the hybrid routines, showed little or no variation as
the noise level was increased.

The significance of the differences between the results obtained on the noisy data sets by the
BA-SVD, and those obtained by the other algorithms, was evaluated through Y? tests. The results
(p-values) of the significance tests are reported in Table 5.9. They are all equal to zero (smaller than
10~%), giving s strong indication of the significance of the superior performance of the BA-SVD

documented in Table 5.8.

Success Rates on Noisy Data
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Figure 5.10: Success rate of the registration algorithms at incremental noise levels.



5.7. EXPERIMENTAL RESULTS 113

Table 5.8: Success rate of the registration algorithms on model sets of increasing level of noise.

Noise Level
3 6 9 12 15
ICP 48.5% 49.7% 49.3% 47.5% 44.3%
EA 89.3% 89.3% 87.7% 90.8% 90.1%
EA-HC 88.4% 89.9% 88.5% 90.1% 89.2%
EA-SVD 90.7% 92.6% 91.6% 92.3% 90.3%
PSO 77.8% 78.8% 81.1% 81.6% 81.9%
PSO-SVD 95.7% 95.8% 94.2% 94.6% 93.5%
BA 90.8% 91.0% 93.3% 94.3% 94.6%
BA-SVD 100% 100% 100% 100% 100%

Table 5.9: Results (p-values) of pairwise x? tests to evaluate the significance of the differences
between the results obtained by the BA-SVD, and those obtained by the other algorithms. The null
hypothesis (no difference) is rejected for p-values smaller than 0.05

ICP EA EA-HC EA-SVD PSO  PSO-SVD BA
3 0 0 0 0 0 0 0
6 0 0 0 0 0 0 0
BA-SVD 9 0 0 0 0 0 0 0
12 0 0 0 0 0 0 0
15 0 0 0 0 0 0 0
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5.8 Discussion of Results

The ICP algorithm aligns two point clouds by minimising their closest point correspondence error.
ICP is a local search technique based on least squares minimisation of the alignment error via SVD.
As shown in the tests, ICP is capable to align two point clouds with great accuracy. However, due
to the local search strategy, ICP is prone to converge to local minima of the alignment error. Noise
can also lead astray the algorithm, and the results of Section 5.7.3 showed a marked drop in ICP
success rate even for modest levels of noise. This limitation is of particular concern, considering

the imprecision of many real-life scanners.

Standard metaheuristics like EAs and PSO are able to minimise the likelihood of sub-optimal
convergence thanks to their global search approach. However, as demonstrated in Section 5.7.2, due

to the stochastic nature of the local search, they are less efficient at descending the error landscape.

Hybridising standard metaheuristics with a stochastic local search algorithm like hill-climbing
improves only partially the efficiency of the search. The local search SVD procedure is based on
analytical minimisation of the closest point correspondence mean-square error metric. This kind
of deterministic descent of the error surface is very efficient, and combined with the global search

capability of metaheuristics can provide very consistent and precise point cloud registration results.

Of the three metaheuristics tested, the proposed SVD-enhanced BA obtained the most consis-
tent alignment results. This results is probably due to the parallel local search of the BA, which
distributes the exploitation effort between nrb flower patches. Namely, the BA search is based on
the interaction of nrb fairly independent sub-swarms. For the success of the registration process, it
is sufficient that one of these sub-swarms finds the basin of attraction of the global optimum. Once
in this region, SVD will efficiently drive the local search to the global optimum. The experiments

reported in Section 5.7.1 showed this method being successful even with minimal bee colony sizes.

By helping the local search to quickly locate the minimum of the local basin of attraction, SVD

also enhances the BA robustness to sub-optimal convergence. That is, once a sub-optimal basin has
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been found, site abandonment frees the sub-population and restarts the local search elsewhere on
the fitness landscape. By minimising the time taken by local search to find a local minimum, SVD
thus increases the exploration capability of the BA.

EAs and PSO search happens at the whole population level. When the EA or PSO population
has converged to a sub-optimal basin of attraction, the algorithm is trapped and the registration pro-
cedure fails. Moreover, the standard EA and PSO algorithms do not have an equivalent of the BA
site abandonment procedure, which acts as a further policy against sub-optimal convergence. Fur-
ther work should investigate the use of multi-swarm [171] or niching techniques [172] to increase
the consistency of EA- and PSO-based point cloud registration methods.

Finally, it should be remarked that the results presented in this section are relevant only within
the strict domain of point cloud registration. They can not be used to support any claim about a
general superiority of the BA over the EA and PSO metaheuristics. Indeed, such claim would be in

contradiction with the No Free Lunch Theorem [173].

5.9 Conclusions

This chapter proposed an SVD-enhanced Bees Algorithm for the solution of the 3D registration
problem. The algorithm combines the robust global search approach of the Bees Algorithm meta-
heuristics with the fast local search of SVD.

The proposed algorithm was benchmarked against the standard ICP registration algorithm, var-
ious standard metaheuristics (EA, PSO, BA), and metaheuristics similarly enhanced with local
optimisers such as hill-climbing (EA-HC) and SVD (EA-SVD, PSO-SVD). Compared on a range
of point cloud registration problems, the proposed approach excelled in terms of consistency and
precision. Experimental evidence also demonstrated that the SVD-enhanced BA is highly resilient
to noisy data. This latter feature makes the SVD-enhanced BA an ideal candidate for industrial

applications, where sensor noise is an issue.
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Chapter 6

Conclusions

This thesis addressed three key robotics problems related to object perception and localisation using
dense RGB-D SLAM. The three problems are: a) camera drift for camera egomotion estimation, b)
reflective and shiny object reconstruction, and c¢) optimal point cloud registration for object locali-
sation. The focus of the thesis is on applications in industrial scenarios, where metallic and plastic

shiny objects abound, and particularly remanufacturing applications where sensing is crucial.

In the first part of this thesis, a dense RGB-D SLAM system was implemented, and an online
weighted map fusion strategy with F2M camera tracking was proposed for reducing camera drift
during camera egomotion estimation. The environmental structure is rebuilt in the form of a 3D
model, merging the data gathered from the image sequence. The 3D model is initialised using the
data from the first image, and successively updated and completed adding new data from the fol-

lowing images. For each image, the partial model is used as reference for camera pose estimation.

Camera egomotion estimation was tackled as a nonlinear optimisation problem, tracking for
each image the camera pose with respect to the globally fused 3D model. Each tracked image is
merged into the global map model simultaneously using an online weighted fusion strategy with
standard deviation estimation. The proposed approach was demonstrated to minimise camera drift,

since the global merging of information in the 3D model helps reducing the accumulation of error

117
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in sequential image alignment. The results showed the proposed method achieved high consistency
in camera trajectory estimation, and improved the accuracy of the relative camera pose estimation.

In the second part of this thesis, the practical challenge of implementing a dense RGB-D SLAM
systems for reflective and shiny objects was approached. Due to the variation in photometric in-
formation on smooth surfaces, the standard F2M camera tracking of Chapter 3 fails on reflective
and shiny mechanical parts. This thesis proposed RSO-SLAM which combines local photometric
alignment (F2F) with global geometric alignment (F2M) for consistent joint estimation of camera
trajectory and environmental structure mapping. Experimental tests were carried out on a purpose-
built set of plastic and metallic objects, where the performance of the RSO-SLAM method was
compared with that of state-of-the-art F2F methods, and the standard F2M camera tracking method
proposed in Chapter 3. The results of the quantitative evaluation demonstrated the effectiveness
and accuracy of the RSO-SLAM method. A real-life case study involving the cover of an electric
vehicle battery demonstrated the accuracy of the RSO-SLAM method, and verified its applicability
to industrial scenarios.

In the third part of this thesis, object localisation was formulated as a point cloud registration
optimisation problem, and solved using the Bees Algorithm. To enhance the local search capability
of the proposed procedure, the BA was hybridised with the standard SVD procedure. Thanks to the
enhancement of local search via SVD, the BA can rapidly identify the minima of the multimodal
solution space. Experimental tests on 10 benchmark shapes showed that the standard and the SVD
enhanced BA outperformed the current state-of-the-art, including ICP and two popular standard and
SVD enhanced metaheuristics: EA and PSO. The proposed SVD enhanced BA obtained top results
even using micro bee colony sizes, reaching nearly 100% success rates with as few as 6 agents.
Experimental tests on noisy versions of the 10 benchmark shapes indicated that the proposed SVD-
enhanced BA is robust to data corruption, and is thus an ideal tool to handle the noisy sensory data

that are typical of industrial applications.
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6.1 Summary of Achievements

The research work presented in this thesis yielded the following scientific contributions:

* Improved understanding of camera drift in dense RGB-D SLAM applications, and a novel
solution to minimise the accumulated error in sequential camera pose estimation by using
frame-to-model camera tracking with online weighted map fusion. The global consistency

and local accuracy of the proposed solution was evaluated.

* A new solution (i.e., RSO-SLAM) to the problem of global photometric inconsistency in the
reconstruction of reflective and shiny objects. The RSO-SLAM method is based on the joint
optimisation of the local photometric alignment and global geometric alignment in dense

RGB-D SLAM systems.

* Assessment of the feasibility of adopting the RSO-SLAM system in industrial scenarios via

a case study involving an electric car battery (reflective surfaces).

* Viewing object localisation as a point cloud registration problem, the Bees Algorithm was

proposed as a novel solution for the optimisation of point cloud alignment.

* The Bees Algorithm was hybridised with the SVD operator for faster and accurate local

search in point cloud registration.
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6.2 Future Work

This thesis investigated the system of dense reconstruction and object localisation for robotics and
industrial applications. Three critical challenges were addressed in this study: camera drift, the
reconstruction of reflective and shiny objects, and global optimisation for point cloud registration.
The results of this work enable the adoption of dense RGB-D SLAM systems in industrial scenar-
10s, and provide the foundation for future works in robot perception, localisation, and decision-
making.

Chapter 3 proposed a solution to reduce the drift and improve the global consistency of camera
egomotion estimation. The inertial measurement unit (e.g., accelerometer and gyro) provides the
kinematic measurements for the inertial state estimation and navigation. The kinematic parameters
of the joints for industrial robots provide another channel of sensory measurement for camera
egomotion. The work of this thesis could be extended by adding inertial and kinematic data to
the RGB-D SLAM information, providing reliable state estimation even when the camera enters a
poor- structured and textured environment.

Chapter 4 addressed the problem of reconstructing reflective and shiny objects. This work is a
key enabler of dense RGB-D SLAM for mechanical components with plastic or metallic surfaces.
Future work on this topic could extend this study to the dense reconstruction of specular reflective
and transparent objects.

Chapter 5 proposed a novel BA with SVD enhancement for point cloud registration. Future
work could investigate the process of registering partial point clouds if the reconstruction system

gives incomplete structure for the objects.
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6.3 Publications Arisen from This Thesis

Part of the work undertaken in this thesis has already been presented in the following conferences:

* Lan F,, Castellani M. and Wang Y., 2019. Bees Algorithm with SVD Optimisation for 3D

Registration. III International Workshop on Autonomous Remanufacturing (IWAR).
Part of this work also resulted in the following book chapter:

* Lan F, Castellani M., Wang Y. and Zheng S. 2022. Global Optimisation for Point Cloud
Registration with the Bees Algorithm. In Pham D.T. and Hartono N. (eds) Intelligent Man-
ufacturing and Production Optimisation - The Bees Algorithm Approach. Springer Series in

Advanced Manufacturing.
Part of this work also submitted to the following journals:

* Lan F, Castellani M., Zheng S., and Wang Y. The SVD-Enhanced Bees Algorithm, a Novel
Procedure for Point Cloud Registration. Submitted to International Journal of Computer

Vision.
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Appendix A

On-manifold Optimisation with

Gauss-Newton Method

This appendix elaborates upon the nonlinear optimisation method to solve Equation (3.24) for
F2M camera pose estimation using an RGB-D camera. Equation (3.24) can be formulated as a

least-square minimisation problem:
. .1 2 L 1o 2
T* = arg min — ||[I — h(T, M)||5; = arg min — g €i(z, T, s) |5 (A.1)
T 2 T 2D

where T denotes the nth camera pose T;, (the subscript n is dropped), and h(-) is the observation
function of an RGB-D camera which predicts the rendered image of M at T". The right-hand term
of Equation (A.1) is the sum of the pixel-wise errors €;, whilst sy, is the surfel point in M, and 2,
is the pixel measurement associated to sy.

The pixel-level error € relates to the measurements in the RGB-D image I. An RGB-D image
provides two measurement channels: colour and depth. The depth channel of a pixel directly gives
the distance between the 3D point and the xOy plane of the camera coordinate system. The colour
channel of a pixel gives either a grey-scale intensity value or the colour value (red, green, and blue).

This study adopts the grey-scale intensity for photometric alignment. As a result, the pixel error €
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forms a 2D vector € = [e,, €,]7, where €, and ¢, are geometric and photometric errors, respectively.
The two error components ¢, and ¢, will be dealt with in Section A.1 and Section A.2, respectively.
The objective function is formulated as a joint minimisation of geometric and photometric least

squares:

m

(ogr cortoi-en) (A2)

1 e -
T* = arg min — Z(Ek 1/2€k)T(Ek 1/Qe,c) = arg min
T 2T k=1

1
T 2
where X is a 2 x 2 diagonal covariance matrix whose diagonal elements are 03 and 012,. It was
reported that the standard deviation modelling for photometric alignment is still difficult when not
impossible to calculate [58]. In this study, the parameterisation for standard deviation was set

empirically according to the error scale of the RGB-D camera: 0,,/0, = 1000.

A.1 Geometric Residual Error

For the calculation of the geometric residual error ¢, in Equation (A.2), the point-to-plane error
of ICP algorithm with projective data association [59] is adopted. The geometric residual error
amounts to the difference between each surfel point s in the global model M and the associated

pixel in the RGB-D image. It is defined as follows:
&(T) =nj - [v(n(T""'p),d) - T"'p] (A.3)

where p is the 3D position coordinates of surfel s, ns is the normal vector at the pixel point, 7(-)
is the camera projection function, and 7~!(+) is the inverse projection.

The geometric error is calculated as below. Each surfel s € M is transformed into the camera
coordinate system 7 by T~'p. The transformed point T'~'p maps into a pixel u = 7(T~'p) via
camera projection. The pixel is unprojected into a 3D point ¢ = 71 (u, d) with the depth value d

obtained via inverse camera projection in Equation (3.13). Finally, the geometric error is obtained



A.2. PHOTOMETRIC RESIDUAL ERROR 137

by computing the point-to-plane error between g and T p.

To avoid erroneous data association, the residual error term is rejected if

1) The z component of the surfel normal in the camera coordinate system T is positive, i.e. the

surfel is not oriented towards the camera (invisible), .

ii) The z component of the surfel position in the camera coodinate system T is negative, i.e. the

surfel is beyond the field of view of the camera.

iii) The distance between T 'p in the camera coodinate system and q is greater than a given

threshold 6, i.e. the position of the measured pixel point is too far from the surfel in M,

iv) The angle between the surfel normal T 'p in the camera coordinate system and n; is greater
than a threshold 0, i.e. the angle difference between the surfel normal in M and the measured

pixel normal in the image is too large.

A.2 Photometric Residual Error

The photometric residual error €, is the difference of grey-scale intensity value between the surfel
point s € M and the associated image pixel by projective data association [59].

The photometric error is presented below:

ep = Ly(p) — It(n(T'p)) (A4)

where I((p) extracts the intensity value of p in the global map M, and I (u) extracts the intensity
value at the pixel point u in the image I.

Similarly to the projective data association of the geometric residual error in Section A.1, each
surfel s € M associates to a pixel w = m(T"'p) in the image I;. The difference between the

intensity value of s € M and the pixel u € Iy gives the photometric error.
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A.3 On-Manifold Optimisation

In this section, the nonlinear least-square minimisation in Equation (A.2) is solved using the Gauss-

Newton method [33].

The Gauss-Newton method is a local gradient-based optimisation technique. It linearises the
nonlinear least-square function in Equation (A.2) with an initial estimate of the camera pose 1§ ac-
cording to Section 3.1, and iteratively computes the incremental transformation A7}, by minimising

the following objective function:

1= am -
AT" = arg min F(AT) = arg min - Z 1= 2T AT + 2, e (T2, k=1,2,... (AS5)
AT AT 24—~

where F is the objective function, ¥J; is the covariance matrix, and J; is the Jacobian.

The incremental transformation AT is obtained by solving the stationary point condition of the

objective function F, i.e., the derivative of the function is set to zero:

OF
N (A.6)
S IETTAT +) I3 e(T) =0 (A7)

The linear system in Equation (A.7) can be efficiently solved by Cholesky decomposition [174],
and the incremental transformation AT will be used to update the camera pose 7;,_;. However,
unlike common optimisation problems in which the solution space is in a multi-dimensional Eu-
clidean space, the solution space for the function in Equation (A.5) is a Lie Group, known as the
Special Euclidean group in dimension 3 (SE(3)) as in Equation (3.14). The transformation 7" in
SE(3) is overparameterised since the matrix has 16 entries but only 6 degrees of freedom. The
solution space is a 6D manifold embedded in the 4 x 4 matrix space. Trivial matrix addition for

solution updating T* = T + AT will draw the new solution T away from the S F(3) manifold,
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i.e., T™ won’t satisfy the constraints in Equation (3.14):

T =T+ AT, T* ¢ SE(3) (A.8)

On-manifold optimisation avoids the updating scheme of Equation (A.8) in matrix space. It
computes the incremental transformation in the form of the tangent space se(3) (also known as Lie

Algebra) of SE(3) instead.

Each rigid transformation 7" is mapped into its tangent space & € se¢(3). The camera pose £ €

se(3) is a 6D vector such as € = [p, w|”

= [px» Py, P2y Wi, wy, w-|T, where p and w are respectively
translation and rotation vectors. The rotation component w is the axis-angle representation. The
unit direction vector n = w/||w|| represents the rotation axis, and the modulus # = ||w|| is the

rotation angle. The corresponding global coordinate T' € SFE(3) is computed by the exponential

mapping:
= 1 exp(w”") Jp R t
T =exp(§) =) —(& ) - (A.9)
e 01x3 1 O1x3 1
where:
o 0 —w, wy
£ = W= w, 0 —wy, (A.10)
01><3 1
—Wy Wy 0
in 6 in 6 1 —cosf
7 sinf (o sinfy or cosf n (A1)
0 0 0
R = cosOI + (1 — cos@)nn” + sinn” (A.12)

Equation (A.12) is also known as Rodrigues’ formula [163].

Hence, the original least-square minimisation in Equation (A.5) can be rewritten in the domain
of se(3):
1 ¢ ~1/2 2 1/2
=52 =72 a0, = ZHE - ei(exp(€") 7)), (A.13)
i=1
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where g;(-) is the function of €;(-) in the domain of se(3). The Jacobian J of the function g in

Equation (A.13) is computed from the perturbed expression:

gBAE —g(&)  9g(§)  Olexp(&")'p]

0AE - Ag—% A€ ~ Oexp(€M)1p] DAL (A.14)

where H is the plus operator for the left perturbation in se(3). In this thesis, left perturbation was
used, i.e., £ B AE = exp(AE") exp(&h).

The Jacobian J consists of two terms by the chain rule of derivatives: j; = 0g/9[exp(£") ! p]
and jo = Olexp(&")~'p]/OAE. The first term j; is the partial derivative of the nonlinear function
g with respect to the transformed point p. The second term 7, is the Jacobian of exp (&) ~!p with
respect to the perturbation Ag.

The geometric and photometric Jacobian matrices are detailed in Equation (A.15) and Equa-

tion (A.16), respectively.

RT _RTp/\
J,=nt (A.15)
ngl Oij’:xl
I/ R I e

J, = (A.16)
ou .
0 & Y fy ng 1 ng 1

z 22

where R is the rotation matrix of T', w is the pixel obtained by the projection of 7(T"~'p), 01y /0u
is the intensity gradient of I at the pixel point u, f, and f, are the focal lengths of the pin-hole
camera model, and (z,y, z)* is the coordinates of the point T~ *p.

The camera pose is updated in Equation (A.17) using the calculated increment A& in the tangent
space se(3):

T = exp((€9)") = exp(AE") exp(£7) (A.17)
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Table B.1: Statistical summary of the ATEs for MS and TUM RGB-D datasets (unit: m). The
median and extreme values are reported together with the inter-quartile range (IQR)

Median Min. Max. IQR
F2F RGB 0.098691 0.047708 0.19792 0.068244
MS chess F2F RGB-D 0.067239 0.014328 0.195 0.063675
F2M RGB 0.067164 0.025738 0.21927 0.027467
F2M RGB-D 0.046643 0.0044298 0.13361 0.030139
F2F RGB 0.12998 0.013952 0.2678 0.091313
MS head F2F RGB-D 0.11299 0.0070738 0.24058 0.08143
F2M RGB 0.047473 0.01633 0.10125 0.042114
F2M RGB-D 0.029832 0.0024324 0.06794 0.025021
F2F RGB 0.22531 0.14002 0.54901 0.11835
MS office F2F RGB-D 0.13339 0.062158 0.32311 0.08484
F2M RGB 0.12269 0.014271 0.27747 0.13366
F2M RGB-D 0.052747 0.0046541 0.099977 0.034225
F2F RGB 0.19796 0.090165 0.78172 0.098001
MS pumpkin F2F RGB-D 0.14547 0.021101 0.72542 0.12383
F2M RGB 0.090241 0.035424 0.57086 0.078373
F2M RGB-D 0.095582 0.015666 0.62885 0.062047
F2F RGB 0.071096 0.022448 0.16108 0.032551
MS redkitchen F2F RGB-D 0.06239 0.018216 0.15817 0.059917
F2M RGB 0.029918 0.0089423 0.13063 0.033284
F2M RGB-D 0.056943 0.0082035 0.13468 0.030237
F2F RGB 0.12318 0.027541 0.19252 0.057601
TUM £1 desk F2F RGB-D 0.093196 0.026194 0.21345 0.038267
F2M RGB 0.050788 0.0090212 0.097361 0.032445
F2M RGB-D 0.020482 0.0070146 0.066944 0.009176
F2F RGB 0.042137 0.0059101 0.21881 0.042915
TUM f1 rpy F2F RGB-D 0.040617 0.011576 0.11352 0.028411
F2M RGB 0.096246 0.021387 0.96112 0.050415
F2M RGB-D 0.021498 0.0038408 0.14239 0.016153
F2F RGB 0.04623 0.016258 0.087875 0.031355
TUM 1 xyz F2F RGB-D 0.026593 0.0075383 0.062561 0.016895
F2M RGB 0.008281 0.0026348 0.025394 0.0063001
F2M RGB-D 0.0075137 0.0025819 0.031694 0.005498
TUM £3 F2F RGB 0.028859 0.0090682 0.043649 0.011855
structure F2F RGB-D 0.040087 0.019766 0.079581 0.010229
texture far F2M RGB 0.0086202 0.0035919 0.029935 0.0050712
F2M RGB-D 0.0095589 0.0012205 0.034166 0.0077421
TUM £3 F2F RGB 0.027848 0.0072584 0.050278 0.014501
structure F2F RGB-D 0.022574 0.0093403 0.074481 0.010096
texture near F2M RGB 0.010626 0.0024519 0.039063 0.0061792
F2M RGB-D 0.015105 0.0065777 0.1119 0.0080243
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Table B.2: Statistical summary of the relative translational errors on MS and TUM RGB-D datasets.
The median and extreme values are reported together with the inter-quartile range (IQR)

median min. max. IQR
F2F RGB 0.096143 0.025418 0.31869 0.059564
MS chess F2F RGB-D 0.072819 0.015921 0.23741 0.048539
F2M RGB 0.069053 0.013825 0.18847 0.059607
F2M RGB-D 0.044686 0.012664 0.12757 0.029932
F2F RGB 0.13449 0.021262 0.29768 0.1408
MS head F2F RGB-D 0.12475 0.009891 0.26667 0.12766
F2M RGB 0.06702 0.014313 0.11292 0.034197
F2M RGB-D 0.041975 0.010672 0.074976 0.02967
F2F RGB 0.205 0.025362 0.4011 0.21996
MS office F2F RGB-D 0.13713 0.04977 0.29997 0.063089
F2M RGB 0.17328 0.046776 0.47653 0.1553
F2M RGB-D 0.077446 0.020259 0.17823 0.065691
F2F RGB 0.19758 0.020916 0.66288 0.17692
MS pumpkin F2F RGB-D 0.15094 0.013662 0.65669 0.14926
F2M RGB 0.14197 0.030056 0.72205 0.13772
F2M RGB-D 0.098585 0.007498 0.76706 0.1111
F2F RGB 0.077025 0.016543 0.22079 0.039877
MS redkitchen F2F RGB-D 0.072151 0.032583 0.16443 0.041177
F2M RGB 0.060245 0.015971 0.12996 0.025166
F2M RGB-D 0.057433 0.011379 0.19345 0.05572
F2F RGB 0.13029 0.03823 0.2577 0.089902
TUM £1 desk F2F RGB-D 0.087831 0.029816 0.23825 0.066699
F2M RGB 0.058603 0.022602 0.22785 0.043698
F2M RGB-D 0.044741 0.006481 0.10511 0.023121
F2F RGB 0.049281 0.007658 0.1699 0.048034
TUM f1 rpy F2F RGB-D 0.037488 0.007483 0.12925 0.028327
F2M RGB 0.027721 0.004416 1.0673 0.025654
F2M RGB-D 0.024265 0.009026 0.1527 0.01485
F2F RGB 0.03409 0.006956 0.095502 0.022024
TUM 1 xyz F2F RGB-D 0.02257 0.006568 0.065025 0.019586
F2M RGB 0.012363 0.000683 0.033849 0.01035
F2M RGB-D 0.010821 0.003069 0.033586 0.010441
TUM 3 F2F RGB 0.024556 0.004562 0.069013 0.020233
structure F2F RGB-D 0.023925 0.006096 0.060869 0.012483
texture far F2M RGB 0.011114 0.001362 0.035849 0.009928
F2M RGB-D 0.010902 0.00159 0.045209 0.0079155
TUM £3 F2F RGB 0.023178 0.003302 0.04767 0.018696
structure F2F RGB-D 0.02523 0.003743 0.09094 0.021746
texture near F2M RGB 0.011546 0.001691 0.050887 0.010878
F2M RGB-D 0.010999 0.000776 0.12653 0.009629
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Table B.3: Statistical summary of the relative rotational errors on MS and TUM RGB-D datasets.
The median and extreme values are reported together with the inter-quartile range (IQR)

median min. max. IQR
F2F RGB 0.070619 0.006253 0.21942 0.053687
MS chess F2F RGB-D 0.054148 0.003384 0.17358 0.040892
F2M RGB 0.053246 0.00793 0.15785 0.032948
F2M RGB-D 0.030782 0.006117 0.097783 0.013904
F2F RGB 0.08491 0.02519 0.3122 0.1452
MS head F2F RGB-D 0.077336 0.022087 0.26074 0.12876
F2M RGB 0.051425 0.011519 0.1354 0.0537
F2M RGB-D 0.042707 0.01063 0.08394 0.03595
F2F RGB 0.15248 0.040946 0.21879 0.04176
MS office F2F RGB-D 0.10151 0.025973 0.14566 0.023198
F2M RGB 0.11427 0.023222 0.28118 0.13491
F2M RGB-D 0.036969 0.014009 0.11877 0.032159
F2F RGB 0.093738 0.024645 0.19551 0.0548
MS pumpkin F2F RGB-D 0.091262 0.021619 0.1864 0.062763
F2M RGB 0.077217 0.010157 0.2297 0.076108
F2M RGB-D 0.045907 0.006035 0.14173 0.046993
F2F RGB 0.057339 0.003904 0.13989 0.057294
MS redkitchen F2F RGB-D 0.060918 0.007421 0.12037 0.061693
F2M RGB 0.056826 0.011384 0.15466 0.044878
F2M RGB-D 0.031886 0.007251 0.085167 0.024288
F2F RGB 0.10942 0.02439 0.1944 0.081224
TUM £1 desk F2F RGB-D 0.10206 0.014722 0.15508 0.071948
F2M RGB 0.062289 0.00926 0.20077 0.039275
F2M RGB-D 0.036191 0.005736 0.083874 0.024556
F2F RGB 0.054652 0.018713 0.1315 0.041835
TUM f1 rpy F2F RGB-D 0.049592 0.023359 0.12205 0.031692
F2M RGB 0.03569 0.005193 0.28858 0.038018
F2M RGB-D 0.026185 0.005724 0.092292 0.025268
F2F RGB 0.034371 0.008392 0.10456 0.026208
TUM 1 xyz F2F RGB-D 0.026096 0.007785 0.079924 0.015325
F2M RGB 0.010512 0.002656 0.034165 0.0081585
F2M RGB-D 0.009924 0.00091 0.028161 0.0079693
TUM 3 F2F RGB 0.01315 0.00111 0.036181 0.010816
structure F2F RGB-D 0.01193 0.002827 0.026384 0.0068935
texture far F2M RGB 0.007138 0.000907 0.01763 0.0056142
F2M RGB-D 0.007624 0.002174 0.022556 0.005262
TUM £3 F2F RGB 0.018439 0.003783 0.042065 0.010389
structure F2F RGB-D 0.023047 0.001532 0.096124 0.025898
texture near F2M RGB 0.010098 0.00069 0.042753 0.008688
F2M RGB-D 0.011636 0.001575 0.11476 0.008447




Appendix C

On-Manifold Optimisation with

Levenberg-Marquardt Method

Appendix A explains that it is impossible to perform direct optimisation in S E(3) matrix space for
camera pose estimation. This section adopts the same on-manifold optimisation framework with

Levenberg-Marquardt (LM) method.

The Levenberg-Marquardt method is a trust-region approach performing reliable and robust
minimisation of the objective function. The objective function is approximated over a subset of the
solution domain (i.e., trust region). The length of update steps within the trust region is adjusted
adaptively. This approach interpolates between steepest descent and Gauss-Newton methods by

adaptively controlling the size of trust region.

Given an objective function in Equation (4.1), the camera pose T,, € SFE(3) is parameterised
by a 6D vector £, € se(3) in the tangent space of S E/(3) according to the formulation in Appendix
A, and the error functions ¢;(T},) in Equation (4.1) is reformed as g;(&,). The objective function

F(T,,) is reorganised as §(&,,) as follows:

n

1
&, =argminF(&,) = argﬁmin §|]E(€n)]|§ (C.1)

&n
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where E is the multidimensional vector which contains the error functions g;.,,,, > is a diagonal

covariance matrix for E as shown in Equation (C.2).

The LM method starts by linearising the error vector £ with a damped constraint within the

trust region:
1
& = arggmin §(&n) = argsmin 5 (1B(%0) + JAE|* + N DAEIP) , &, &0, AL € 5e(3) (C3)

where J is the Jacobian of E, ) is the damping factor, and D is a non-negative diagonal matrix

either set as identity or D = diag(J*J). In this study, the form of D is set as an identity matrix.

The increment AT is determined by identifying the stationary point of Equation (C.3):

(JTT + M\)AE = —JTE(&) (C.4)

Equation (C.4) is a 6 x 6 linear system, and the increment A& can be solved by matrix factori-

sation (e.g., Cholesky decomposition).

Before proceeding to the next iteration with the updated the camera pose, a quality factor p

which measures the performance of the approximation is computed:

2 2
L 1B+ 20| ~ | Bl cs)

ITAE + E@&) ~ |1 E&)|’
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In Equation (C.5), the numerator is the exact descent of the quadratic model of E(-), and the
denominator is the decrease of the approximated quadratic model (E(&y) + JAE) around &.

If p > 0, the updated camera pose will be accepted, and the trust region is expanded accordingly
with the quality of p by reducing the damping factor A. The optimisation process behaves closer
to the steepest descent in this case. Otherwise, the approximated model is not reliable. The trust
region is shrunk by increasing A, giving the updating step closer to the Gauss-Newton method. The
initialisation of A and the adjustment strategy for the trust region is detailed in [38].

The updating scheme of this nonlinear optimisation problem applied the same strategy of on-

manifold optimisation as elaborated in Appendix A.
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